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Abstract 
The Crouter 2-regression model (15) is a new approach for predicting MET values. 
However, the Crouter 2-regression model may misclassify walking/jogging during 
transition periods (i.e. during the first and last minute of the activity) due to the high 
coefficient of variation resulting in an overestimation of MET values. Purpose: The 
purpose was to examine the Crouter 2-regression model for predicting MET values 
during transitions from rest to activity and back to rest. It was hypothesized that starting 
a walking bout partway through a minute will lead to a misclassification, due to the high 
coefficient of variation, and therefore over-predict MET values. Methods: Thirty 
participants (age, 28.2 ± 7.7 yrs; BMI, 24.6 ± 3.6 kg·m-2) volunteered to perform 15 
minutes of supine rest followed immediately by 8 minutes of each of the following 
activities: one-on-one basketball, seated rest, over-ground walking, and seated rest. An 
ActiGraph GTlM was positioned on the right hip and a portable metabolic unit (Cosmed 
K4b2) was worn during all activities. The participants were randomly assigned to start 
the activity bouts at 0-s, 20-s or 40-s into the minute (according to the ActiGraph clock). 
Results: The Crouter 2-regression model under-predicted the total energy cost of 
basketball compared to the Cosmed K4b2 by an average of 12.8 MET·minutes (P < 
0.001) (15.9%). During walking, the Crouter 2-regression model over-predicted MET 
values compared to the Cosmed K4b2 during the transitional minutes in the 20-s and 40-s 
conditions by an average of 2.2 METs (P < 0.001). However, it accurately predicted 
MET values during minutes 2-7 part of the bout. Conclusion: The energy cost of 
basketball was under-predicted by the Crouter 2-regression model. During the walk-to-
111 
rest and rest-to-walk transitions, the Crouter 2-regression model significantly over­
predicted the MET values in the 20-s and 40-s conditions. This over-prediction was due 
to the high coefficient of variation and the oxygen deficit and debt. Despite these 
limitations, the Crouter 2-regression model still provided a closer estimate of MET values 
compared to the Cosmed K4b2 for basketball and walking compared to other commonly 
used single-regression equations for the ActiGraph. Supported by NIH Grant OIR21 
CA122430-01 
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Regular physical activity (PA) provides numerous health benefits and reduces the 
risk of a number of chronic diseases (35). In 1995, the Centers for Disease Control and 
Prevention (CDC) and the American College of Sports Medicine (ACSM) recommended 
that every U.S. adult accumulate 30 minutes or more of moderate-intensity PA on most, 
preferably all, days of the week ( 40). Advances in modem technology have increased 
sedentary activities, while at the same time, PA from occupational labor and active 
commuting has been reduced (35). At the same time there has been an increase in the 
prevalence of overweight and obesity, which has stimulated research on new and 
improved methods of measuring PA. 
Accurate and reliable assessment of PA still remains a challenge. However, the 
scientific community has responded strongly to this growing need. In December 2004, a 
conference titled "Objective Measurement of Physical Activity: Closing the Gaps in the 
Science of Accelerometry'' was held at the University of North Carolina. The major foci 
were objective measuring, data analysis, calibration, and new technologies for assessing 
PA. The conference proceedings were published in a supplement to help scientists 
improve the assessment of PA, so that the link between PA and health could be more 
clearly established ( 46). The use of accelerometers in PA research is increasing; 
however, there are many issues that still need further assessment and attention. 
As early as the 15th century, people were interested in measuring PA. Leonardo 
da Vinci devised an activity monitor that measured how far an individual walked (19). 
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Since then, interest in the field of PA measurement has continued to grow. Activity 
monitors offer numerous benefits over other methods of measuring PA such as: direct 
observation, subjective reports (including questionnaires and diaries), physiological 
markers (such as heart rate (HR)), and indirect calorimetry (45, 53). The aforementioned 
methods all have limitations and are not always feasible, depending on the population or 
circumstances, which is why a simple, relatively inexpensive device that accurately 
measures PA and estimates energy expenditure (EE) is necessary (35). 
Accelerometers are compact devices that capture the instantaneous changes in 
acceleration (usually vertical acceleration) over time, integrate the signal, and then 
produce a numeric value that is proportional to the area under the acceleration versus 
time curve (12). Since all human movements require acceleration and deceleration of the 
trunk or limbs (37) that is proportional to the intensity of the activity, accelerometers 
provide a more representative estimate of EE than pedometers. 
There are several drawbacks to using accelerometers to monitor free-living PA. 
These include uniaxial accelerometers only measuring acceleration in the vertical plane 
(19), the high cost, inconsistencies in calibration and validation of the devices ( 46), the 
inability of accelerometers to capture upper body movement (24, 25), carrying a load (11, 
24, 25), changes in surface or terrain (24), and locomotion on a grade (25, 37). While 
these remain important issues, much of the investigator burden has been reduced. 
Despite these limitations, accelerometers have tremendous potential, supporting a need 
for further research ( 19). 
Around 1970, Montoye and Webster (19) began to study activity monitors 
intensely. They built an activity monitor to estimate caloric expenditure which led to the 
2 
development of the Caltrac ( 19). Current accelerometers are much smaller and are 
capable of measuring PA over extended periods of time with minimal subject burden 
(53). A study by Montoye et al. (37) was one of the first to examine the ability of an 
accelerometer to track EE during walking, running, and calisthenic exercises. It was 
found that activities requiring a higher V02 also elicited higher accelerometer counts, 
providing evidence that an accelerometer is a suitable device to measure acceleration of 
the human body since it recognizes differences in exercise intensity (37). 
Several investigators have tried to develop regression equations to predict EE and 
a few of these will be highlighted. Montoye et al. (37) investigated fourteen activities in 
a laboratory-based protocol that included walking, running, and lifestyle activities. 
Briefly, it included walking on a treadmill at 2 speeds and 3 grades, running on a 
treadmill at 1 speed and 2 grades, stepping up and down a bench at 2 different rates, half 
knee bends at 2 different rates, and floor touches at 2 different rates. The accelerometer 
output was correlated with oxygen uptake (r = 0.79) and activities requiring a higher V02 
also elicited an increase in accelerometer counts, with the exception of treadmill walking 
at increasing percent grades (37). 
Freedson et al. ( 17) investigated walking and running on a treadmill at three 
speeds, 4.8, 6.4, and 9.7 km·hr- 1• A strong linear relationship was found between CSA 
accelerometer counts and METs (r = 0.88). Linear regression was utilized to correlate the 
counts from the CSA accelerometer and the metabolic cost. The counts·min·1 and METs 
correlated very well between 3-6 METs, while at 7 METs and above there was more 
variability. Freedson et al. ( 17) suggested this equation must be used with caution as it 
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was based solely on treadmill walking and running and may not correlate as well during 
overground ambulation in which activity counts and EE may be different ( 17). 
Advancing the desire to more accurately predict EE, a study by Hendelman et al. 
(24) investigated lifestyle-based physical activities in the field. The activities included 
overground walking at different self-selected paces (leisurely, comfortable, moderate, and 
brisk), golf, and indoor/outdoor household chores. Subjects wore two accelerometers, 
both of which correlated well with EE during walking (CSA r = 0.77; Tritrac r = 0.89). 
The correlation between counts·min· 1 and EE was weaker when all activities were 
combined (CSA r = 0.59; Tritrac r = 0.62) (24). This study generated a new regression 
equation based on lifestyle activities. The authors suggested that predicting EE from 
laboratory-based equations may not accurately reflect EE in free-living situations. 
Hence, Swartz et al. (44) developed two regression equations based on the counts 
from an accelerometer worn on the hip only, and then combined hip and wrist 
accelerometers. Participants completed a variety of activities that fell into the general 
categories of yard work, occupation, housework, family care, conditioning, and 
recreation. This was one of the few studies that examined the effect of multiple motion 
sensors to predict EE. It was found that the hip-only and the combined hip and wrist 
equations accounted for 31.7% (P < 0.001) and 34.3% (P < 0.001) of the variability in EE 
(METs ), respectively. In general, the improvement (2.6%) from a hip-only to a 
combined hip and wrist accelerometer was minor and the investigator must take into 
consideration the extra time, cost, and analyses of two devices over one when deciding to 
use either one or two accelerometers (44). 
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An improvement upon these past regression equations is the Crouter 2-regression 
model which does not assume a linear relationship between counts·min-1 and EE (15). 
This new method first uses an inactivity threshold, which credits an individual with 1.0 
MET when the counts·min-1 are < 50. It then determines whether the subject was 
performing walk/jog activity or intermittent lifestyle activity based on the coefficient of 
variation (CV) among 6 consecutive IO-second epochs, for each minute on the ActiGraph 
clock. It then applies either a walk/jog or intermittent lifestyle regression to predict EE 
(METs) ( 15). The Crouter 2-regression model is an improvement upon previous 
equations to predict EE. 
Advances in accelerometer hardware ( e.g., greater memory capacity and 
integrated circuit accelerometer with solid state technology) have enabled more 
sophisticated methods of data analyses. Therefore, the primary purpose of this study was 
to examine the Crouter 2-regression model for predicting EE, especially during the 
transition from rest to activity and back to rest. It was hypothesized that with the Crouter 
2-regression model, if a walking bout was not started in synchronization at time 
HH:MM:00 on the ActiGraph clock, the first and last minutes of the walking bout would 
be misclassified as an intermittent lifestyle activity, due to the high CV (i.e., < I 0%) 
among I 0-s epochs. Thus, the Crouter 2-regression model, would over-predict EE in the 
first and last minutes of a walking bout when it was not started in synchronization with 




Review of Literature 
There are many methods for collecting PA data; however, time, expense, 
feasibility, and subject burden are factors that need to be considered before selecting an 
appropriate method. Methods of measuring PA fall into several categories: direct 
behavioral observation, subjective reports (including questionnaires and interviews), 
physiological markers (such HR or body temperature), calorimetry, and motion sensors 
such as pedometers (36) and accelerometers (45, 53). Measurement of PA in free-living 
humans should involve minimal interference to the participant and allow for data 
collection over extended periods of time ( 48). The use of accelerometers is increasing due 
to their ability to measure PA in free-living situations with minimal burden to the subject 
and investigator. The following sections describe some of the various methods currently 
available to assess PA. 
Criterion Methods 
Direct Observation 
Direct observation was one of the earliest methods of measuring PA, and more 
complex observation tools have been developed recently. In the past, direct observation 
utilized written records, while newer methods use video analysis. This enables the 
investigator to repeatedly observe the participants at later points in time. One advantage 
of direct observation is that all activity can be captured and categorized more specifically 
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according to what the researcher is investigating. On the other hand, there are several 
disadvantages. The investigator burden is high. It is commonplace to have one observer 
per subject, which limits direct observation to smaller sample sizes. Also, due to the 
investigator burden, recording accuracy tends to decline as the observation period 
lengthens. This can lead to an inaccurate assessment of daily PA, since most observation 
periods last a few hours rather than a full day. With direct observation, it is likely that the 
subject will change activity patterns due to the presence of an observer. Therefore, 
although direct observation is very detailed and it can provide a wealth of information, 
the drawbacks are substantial and it has limited usefulness for large scale or prolonged 
studies (36). 
Doubly Labeled Water 
Doubly labeled water (DLW) is considered the "gold standard" for the 
measurement of free living EE. This method uses isotopes of hydrogen and oxygen to 
determine the amount of carbon dioxide produced and oxygen consumed over the 
collection time period. The DLW method is performed as follows: the subject ingests a 
known quantity of isotopic hydrogen and oxygen that is greater than what occurs in 
nature. After several hours, the isotopic water distributes itself throughout the body in 
fairly good equilibrium with the body's own water. The hydrogen isotope gradually exits 
the body as labeled water (2H20) in the form of urine, sweat, and water vapor during 
respiration. The oxygen isotope also exits the body as labeled water (H2180) and carbon 
dioxide (C1802). The difference between the elimination rates of these two isotopes then 
allows the researcher to calculate the amount of carbon dioxide produced. Then, an 
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estimated or measured respiratory quotient is used to calculate the oxygen uptake over 
the collection time period (36). DLW has several advantages including providing 
accurate measurements of EE in the lab and field, providing information over a longer 
period of time (1-3 weeks), is safe, and unobtrusive after the initial ingestion of the 
isotopes. The expensive cost to administer the isotopes and analyze the data must be 
taken into consideration, along with the fact that DLW can only measure total EE and 
will not provide information of the frequency, intensity, or duration of activity bouts (36). 
Indirect Calorimetry 
Indirect calorimetry is based on respiratory gas exchange and has been found to 
be an accurate technique for measuring EE. Portable indirect calorimetry systems have 
been used in field studies as the criterion method for measuring EE. The Cosmed K4b2 
(COSMED, Rome, Italy) is a self contained, lightweight, battery operated device that 
measures both oxygen consumed and carbon dioxide produced on a breath-by-breath 
basis. It also measures HR, ventilation fraction of expired oxygen, and fraction of 
expired carbon dioxide, all of which were an improvement from the previous model. The 
data can be stored and downloaded for subsequent analyses. In one validation study of 
the Cosmed K4b2 (33), it was found that this device could be used as an acceptable 
method for accurately measuring oxygen uptake over a range of intensities. Ten subjects 
cycled for 5 minutes at intensities ranging from 50-250 Watts (W) with collection of 
expired gas using the K4b2 and the Douglas bag was used as the criterion method. 
Between the intensities 50-200 W, the K4b2 values were significantly higher than the 
Douglas bags. These differences were extremely small (< 100 ml·min- 1 ) and only 
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reached statistical significance due to the low standard deviation. Due to the small 
magnitude of differences, it was concluded that the K4b2 was an acceptable method to 
measure oxygen uptake over a range of intensities (33). 
Subjective Methods 
Subjective reports include questionnaires, interviews, surveys, diaries, and 
activity logs ( 48). These methods have limitations including recall bias and interpretation 
of output, but due to their ease of use, cost effectiveness, and ability to capture 
information on large populations, they are often preferred as a form of PA assessment 
( 48). Questionnaires and interviews can be extremely simple or complex. They can 
provide minimal or detail orientated data that includes comprehensive information while 
prolonging the time requirement of the subject. Overall, questionnaires that ask for 
quantitative estimates of frequency, intensity, and type of activity are more accurate than 
those that ask for a relative rating of PA compared to one's peers (e.g. , Lipids Research 
Clinic questionnaire). The education level and time commitment of the subject plays a 
more important role as the information becomes more detailed. Questionnaires are a 
primary method of assessing activity due to an ability to be used in large scale studies and 
low cost (36). 
Objective Methods 
Heart Rate Monitoring 
Physiological markers can provide valuable information on PA and EE. HR 
monitors are one of the most common methods used because it is unobtrusive, relatively 
simple to obtain data, and able to detect changes in moderate and vigorous intensity 
9 
activity. For activities that involve large muscle groups, HR is linearly related to oxygen 
uptake, which can then be used to determine EE. Since uniaxial accelerometers are not 
able to detect increases in EE for running speeds greater than 9 km·hr- 1 (9), or during 
cycling, swimming, rowing, and other upper body activities, HR monitors provide 
valuable information during activities of a similar intensity or these types of exercise 
(13). HR monitors have several drawbacks, primarily including price ($169-400 USD), 
the range in which it can accurately predict EE, the discomfort of wearing a transmitting 
strap for extended periods of time, and the influence of several other factors on HR, 
including stress, hydration level, environmental factors (humidity and temperature), mode 
of exercise (upper vs. lower body), gender, and training status (13). 
A commonly used HR method in free-living populations is the "flex-HR" method. 
This method requires measuring the HR and EE (oxygen consumption) for each subject 
under resting conditions and during a standardized submaximal exercise protocol. The 
"flex HR" is typically defined as the average of the highest resting HR value and the 
lowest exercising HR (29). These values are then used to estimate EE depending on the 
subject's HR. When the measured HR is below the flex point, EE is determined based on 
the average of three resting HR values, while if the measured HR is above the flex point, 
EE is predicted based on the individual regression of HR vs. EE from the exercise values 
(29). Several validation studies have shown the flex-HR method to provide an accurate 
and unbiased estimate of total EE compared to whole body calorimetry and DL W (29). 
Validation of this method has occurred in a wide variety of populations and settings, 
however, the measuring of individual HR and EE (oxygen consumption) can be a 
limitation to this method (30). 
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HR monitors can also be used when examining bouts of activity. In a study 
examining the accuracy of the Polar S4 10  HR monitor, the predicted and actual V02max 
and HRmax were both used to estimate EE. The Polar S4 10  HR monitor has two options 
for users: 1 )  to predict V02max and HRmax or 2) program actual V02max and HRmax values 
into the watch. It was found that mean EE in males during running, cycling, and rowing 
was not significantly different from indirect calorimetry when the Polar S4 10 was 
programmed with actual or predicted V02max and HRmax (P > 0.05), but individual 
estimation of EE was further improved by using actual V02max and HRmax · However, in 
females, when using predicted V02max and HRmax values, the mean EE was significantly 
overestimated during running, cycling, and rowing (P < 0.05). When using the actual 
V02max and HRmax, estimation of mean EE was more accurate; however, it still 
significantly overestimated EE by 12 ± 13% compared to indirect calorimetry ( 13). While 
using the actual V02max and HRmax improved estimation of EE, measuring these variables 
for individuals is costly and time consuming in a large population. In addition, the Polar 
S410  watch was only able to estimate EE when the individual was working at 2: 60% of 
HRmax or the HR was 2: 90 beats·min-
1 , therefore reducing its applicability during rest and 
light intensity exercise ( 1 3  ). Considering the above evidence, it was concluded that HR 
monitors were a sufficient tool for providing an approximate estimate of EE, however; 
there was considerable variation among individuals, especially females . 
Activity Monitors 
Two common types of activity monitors are pedometers and accelerometers. A 
pedometer is a device worn at the waist constructed with a horizontal lever arm balanced 
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by a spring or a piezoelectric element. With each step, the impulse from landing will 
cause the lever arm to move up and down. The impulses are then tallied with an 
electronic counting mechanism (34 ). Pedometers can be an excellent tool in research and 
for practical purposes since they are simple to use, inexpensive ($10-150 USD), and have 
a user-friendly output in the form of steps·daf1 that provides immediate feedback (48). 
A major disadvantage of pedometers which use a spring suspended lever arm is that they 
only count steps and do not reflect the intensity of movement ( 4 7, 48). Pedometers 
which use a piezoelectric mechanism have the ability to distinguish the intensity of 
activity, however they still only provide steps and do not give a corresponding count 
value (43). 
The advantage of an accelerometer over a pedometer is that an accelerometer is 
able to distinguish the intensity of activity, therefore making it a more accurate method of 
estimating EE. Accelerometers measure activity intensity in the form of acceleration 
counts and are therefore better able to discern different intensities of an activity (47). In 
contrast to systematic errors introduced by the subjective nature of questionnaires, 
accelerometers provide an objective measurement of PA and collect data in real time. 
Thus, accelerometers off er a rich description of human activity whether in the laboratory 
or a free-living environment (32). Currently, the lack of consistency in calibration 
procedures does not allow for maximum comparisons between research studies or among 
different activity monitor brands (32). Improvement in the calibration procedures will 
greatly advance the science of accelerometry. Based on the assumption that 
accelerometers do not capture arm movements (24, 25), stationary cycling, stair climbing, 
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swimming (36), and carrying loads ( 1 1 ,  24, 25, 34), future research needs to focus on a 
method of data collection that will capture these activities. 
A linear relationship between activity counts and EE should not be assumed 
especially when examining a variety of activities. Along with this, the possibility of 
int_egrating several methods ( accelerometry and physiological markers, such as HR or 
temperature) may better capture PA (32). 
Accuracy in estimating EE from accelerometry is closely related to the activities 
used to develop the equation. It was found that treadmill based equations overestimated 
the EE of overground walking (56). However, when an equation was developed based on 
walking at various speeds on a track, estimation of EE was closer to actual EE measured 
via the Cosmed K4 ( 14, 56). Disadvantages of accelerometers are their high cost ($350+ 
USD), technical hardware and software, and data management (48). Accelerometers are 
widely used in research, and only a few are available for the general population. 
Considering the above evidence, it is likely that a combination of methods, 
especially HR and accelerometry might be the best method to accurately estimate EE in 
real time (8, 1 8). The combination of these two methods will likely capture both light 
activity, via the accelerometer, and more vigorous activity, via the HR monitor, 
complimenting the strengths and weaknesses of each device individually. 
Accelerometers 
It is important to define what acceleration is. Speed is the change in position with 
respect to time, while acceleration is the change in speed over time. Acceleration is 
usually measured in gravitational units: lg = 9.8 m·f2 (at sea level and 45° latitude). The 
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net external force is directly proportional to the acceleration (F = ma) which is why 
measuring acceleration is a much better predictor of EE than speed. Also, the signal 
contains rich information that allows for maximum data analyses and integration of both 
speed and distance in relation to time ( 12). 
Accelerometers are small devices that are based on the principle that the human 
body accelerates with every movement. A uniaxial accelerometer detects movement in 
only one plane (usually in the vertical plane), whereas a 3-dimensional accelerometer 
detects motion in all three planes (anteroposterior, mediolateral, and vertical) ( 12). They 
measure the instantaneous acceleration of the trunk at frequent time intervals ( e.g., every 
10  ms). The signal from the accelerometer is filtered and amplified at a preset frequency 
to convert from an analog to a digital number. These digitized numbers are sometimes 
called "raw counts." Once these conversions are complete, the digital data set are sent to 
a microprocessor to be analyzed. Several approaches can be used; the most common 
being an integration algorithm. Before integration can occur, all the negative counts are 
turned into positive ones in a process called full-wave rectification. The integration 
algorithm then sums the digital counts over the specified epoch length and produces 
"activity counts" ( 12). This output then allows for the estimation of EE, which can be 
used to quantify time spent in light (< 3 metabolic equivalents (METs), moderate (3-5.99 
METs), and vigorous (2: 6 METs) intensity activity ( 15). 
Most commonly, an accelerometer is worn on the waist to reflect movements of 
the trunk. Accelerometers are designed to detect the dynamic component of PA. 
Therefore, when placing the accelerometer on the waist, assumptions must be made 
because only the dynamic part of activity resulting in vertical displacement of the hip will 
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be captured. One assumption is that larger movements seen in walking, running, and 
jumping have the greatest impact on daily PA and movement of the limbs. Another is 
that the static components of PA (lifting weights or carrying loads) are considered 
negligible in normal daily activity (34, 53). These assumptions must be made when using 
a single waist-mounted accelerometer. 
Accelerometer Integration Algorithms 
An integrated algorithm has several advantages over other methods. One of the 
biggest advantages is the simplicity of analysis both for hardware and software needs. 
Like every approach, there are limitations. One such limitation of the integration process 
is the "averaging" of the signal over the epoch length. A one minute epoch is commonly 
used among adults, but if activities of different intensities are done within the minute, an 
average will be computed over the entire I minute epoch. Therefore, one minute of 
moderate PA will yield similar results to a person performing 30 seconds of vigorous PA 
and 30 seconds of light PA in the same minute. Choosing a shorter epoch length ( 10-30 
seconds) offers little value physiologically, while longer epochs might not accurately 
represent the intensity of activity. As stated earlier, 60-s epochs are commonly used in 
adults, though shorter epochs are often recommended for children ( 12). 
Brands o(Accelerometers 
Mercury Switch Large-Scale Integrated Motor Activity Monitor 
One of the earliest studies using accelerometers was by Montoye et al. (3 7) in 
which fourteen activities were investigated using a laboratory-based protocol. The 
accelerometer used was developed by Wong et al. (54) and was compared to the Large-
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Scale Integrated Activity Monitor (LSI), which used a mercury switch, and was the 
predecessor of the Caltrac. The protocol included: treadmill walking at 2 miles·hour· 1 at 
0, 6, and 12% grade, treadmill walking at 4 miles·hour· 1 at 0, 6, and 12% grade, treadmill 
running at 6 miles· houf 1 at · 0 and 6% grade, stepping up and down on an 8 inch bench at 
a rate of 20 and 35 steps·min· 1 , half knee bends ( down and up) at 28 and 48 bends·min· 1 , 
and floor touches while bending at the knees at 24 and 36 touches·min· 1 . The 
accelerometer correlated well (r = 0.79) with oxygen uptake, while the LSI did not 
correlate as well to oxygen uptake (r = 0.71). It was found that the accelerometer was 
more accurate than the LSI mercury switch and activities requiring a higher V02 elicited 
an increase in accelerometer counts, with the exception of inclined treadmill walking 
(37). 
Caltrac 
The Caltrac (Hemokinetics, Inc., Madison, WI) is a uniaxial accelerometer that 
measures 9.7 x 7.0 x 1.3 cm and weighs 78 g. This device displays counts·min·1 , which is 
used to predict EE. In addition, an estimate of resting metabolic rate (RMR) is estimated 
based on the subject's age, height, weight, and gender (53). Physical activity energy 
expenditure (P AEE) is then estimated by subtracting the estimated RMR from the 
predicted EE from the equation relating counts and EE. During a validation study of the 
Caltrac by Balogun et al. ( 4) subjects walked horizontally at four treadmill speeds (54, 
81, 104, and 130 m·min- 1) while the Caltrac was affixed to the lumbar region and oxygen 
uptake was measured via indirect calorimetry. It was found that the Caltrac counts·min· 1 
were strongly correlated (r = 0.92; P < 0.0001) with measured EE; however, the Caltrac 
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overestimated EE during walking (range = 13.3-52.9%). It was concluded that the 
Caltrac can be used to objectively measure PA in level walking; however, since EE was 
significantly overestimated it must be used with caution (4). 
In a similar study, Haymes and Byrnes (20) had subjects walk on a level treadmill 
at speeds of 2, 3 ,  4, and 5 miles·houf 1 and run at 4, 5, 6, 7, and 8 miles·hour- 1 • The 
Caltrac counts·min- 1 increased as the speed of the treadmill increased during walking, but 
running between 5 and 8 miles·houf 1 did not produce a significant change in 
counts·minute- 1 • The activity counts and estimated EE during walking were highly 
correlated (r = 0.86), but not during running (r = 0.29) at speeds between 5-8 miles·hr- 1 • 
These high correlations between counts·min- 1 and measured EE suggest that the Caltrac 
can be used as a valid instrument in predicting EE during walking. An important finding 
of this study was that the counts·min- 1 leveled off at running speeds above 5 miles·hour- 1 • 
Similar observations have been reported with other accelerometers (9, 18, 20, 25). 
In a study using whole room calorimetry as the criterion method, Bray et al. (10) 
examined the accuracy of the Caltrac in female adolescents. EE was measured in a 
whole-room calorimeter over a 24 hour period. Each subject engaged in normal 
sedentary activities such as listening to music, watching TV, and reading, along with 
completing two 20 minute bouts of cycling. Body weight was significantly correlated to 
EE; however, activity counts alone were not significantly correlated to calorimeter values 
of total daily EE or body weight. Overall, the Caltrac significantly underestimated total 
daily EE by 13.3 ± 8.6%. The investigators suggested that underestimation of EE in this 
group of female adolescents might be balanced by the overestimation of walking and 
running when using the Caltrac, which are part of an adolescent's normal daily routine. 
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It was concluded that including the activity counts in the multivariate models, daily EE 
was significantly enhanced, and including body weight along with activity counts would 
further improve daily EE (r = 0.86, P < 0.001) (10). 
The CSAIMTI/ActiGraph 
Many studies have been published using the CSA/MTI/ActiGraph accelerometer. 
The most current model is called the ActiGraph GTlM. The ActiGraph GTlM is a 
uniaxial accelerometer and was formerly the Manufacturing Technology Incorporated 
(MTn, ActiGraph 7164, and the Computer Science Applications (CSA) accelerometer. It 
is a small (3.8 x 3.7 x 1.8 cm) and lightweight (27 g) device enclosed in a polycarbonate 
plastic case with slots on each side that allows a strap to pass through (55). See Figure 1 
(All tables and figures are located in the appendices). This allows accelerometers to be 
worn on the wrist, waist, or ankle with the use of a belt or Velcro band (12, 47, 55). A 
rechargeable Lithium Ion battery provides power for fourteen days of collection, 
independent of the epoch length chosen. The GTlM will accurately measure and record 
accelerations in the range of 0.05 to 2g. The GTl M  model is based on newer technology 
and uses a nano-mechanical seismic mass inside an integrated chip with sensors on top 
and bottom. As the acceleration changes, the voltage output changes proportionally 
(Personal Communication, John G. Schneider, May 20, 2007). Data are collected at 30 
Hz and then digitized by a 12-bit analog/digital converter. A microcontroller then 
numerically integrates the signal. The signal then passes through the bandpass filter at a 
frequency of 0.25 and 2.5 Hz (lower and upper frequencies respectively). Any signals 
outside this bandwidth are generally considered to be outside the range of human 
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movement and are markedly attenuated by the filters. The digital filter produces a signal 
that is proportional to the acceleration within the bandpass. Each sample is then summed 
over the specified epoch (i.e., length of time the investigator chooses to collect data). 
All the data are stored in the accelerometer's hardware, which consists of one megabyte 
(MB) of non-volatile flash memory (55). One MB of data storage allows for 356 days of 
activity data to be stored if using 1 minute epochs (55). A standard USB 2.0 interface is 
used to transfer data and charge the battery. All GTlM accelerometers are calibrated by 
the manufacturer and no further calibration is required ( 1 ). 
Freedson et al. (17) investigated walking and running on a treadmill at three 
speeds, 4.8, 6.4, and 9.7 km·hr- 1 • A strong linear relationship between CSA 
accelerometer counts and METs (r = 0.88) existed. The equation used to predict EE can 
be found in Table 2. Linear regression was utilized to correlate the counts from the CSA 
accelerometer and the metabolic cost of the activity. The counts·min- 1 and METs 
correlated very well between 3-6 METs, while at 7 METs and above there was more 
variability. Freedson et al. (17) suggested that this equation must be used with caution as 
it was based solely on treadmill walking and running and may not correlate as well 
during overground ambulation in which activity counts and EE may be different (17). 
Using the same data, activity count cut-offs corresponding to MET levels were 
established so that based on the counts·min- 1 alone, one could estimate the MET level of 
the activity. Count cut-points were developed and can be found in Table 1. These count 
cut-points compared well to activity logs completed by subjects every 15 minutes. The 
results suggested that the CSA accelerometer was an adequate tool for assessing both the 
quantity and quality of exercise ( 17). 
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Another study employing the CSA accelerometer was by Hendelman et al. (24) in 
which lifestyle-based activities in the field were examined. The study included the 
following activities: overground walking at a "leisurely," "comfortable," "moderate," and 
"brisk" pace, playing two holes of golf using a pull cart, and indoor/outdoor household 
activities including washing windows, dusting, vacuuming, lawn mowing with a push 
mower, and planting shrubs. Subjects wore two accelerometers, the CSA and Tritrac, 
and a portable metabolic system (TEEMlOO, AeroSport, Inc., Ann Arbor, MI) to measure 
gas exchange. Both the CSA and Tritrac counts correlated well with EE during walking 
(CSA r = 0.77; Tritrac r = 0.89). However, the correlation between counts·min-1 and EE 
was weaker when all activities were combined (CSA, r = 0.59; Tritrac, r = 0.62) (24). 
Both accelerometers significantly underestimated EE (range = 30.5-56.8%) during non­
walking activities. This showed that there were substantial errors when using a walking­
based equation to predict other lifestyle activities. It was also interesting to note that the 
correlation between the CSA accelerometer and METs for only the walking activities in 
the Hendelman et al. (24) study (r = 0.77) was lower than that seen by Freedson et al (17) 
(r = 0.88); this may be due to the lower walking speeds and less constrained overground, 
self-paced walking used in the Hendelman et al. study (24). Even more interesting is the 
how the r decreases even further for the lifestyle equation. 
Furthering the investigation between differences in laboratory- and field-based 
equations, Swartz et al. ( 44) examined the use of multiple accelerometers worn at the hip 
and wrist. Participants completed a variety of activities that fell into the general 
categories of yard work, occupation, housework, family care, conditioning, and 
recreation, which occurred in either the laboratory or field setting. These categories 
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provided a more comprehensive look at daily activities than in the studies by Freedson 
( 17) and Hendelman (24). This was also one of the few studies that examined the effect 
of multiple motion sensors to predict EE. It was found that the hip-only and the 
combined hip and wrist equations accounted for 3 1 .7% (P < 0.00 1) and 34.3% (P < 
0.00 1 )  of the variability in EE (METs). There was an underestimation of EE when an 
external load was involved in the assigned task ( carrying, lifting, or pushing). In general, 
the 2.6% improvement, which was significant, from a hip-only prediction equation to a 
combined hip and wrist prediction equation was minor, but it was suggested that the 
accelerometer worn on the wrist did not provide an additional benefit due to the extra 
time, cost, and analyses of two devices (44). 
Similarly, Welk et al . ( 5 1 ) examined three different accelerometers, one of which 
was the CSA, under laboratory and field conditions. The CSA correlated highly (r = 
0.85) with V02 during laboratory treadmill conditions, but fell to a lower correlation (r = 
0.48) when compared to indirect calorimetry during the field-based lifestyle routine. For 
the three treadmill speeds (3, 4, and 6 miles·hour- 1 ) the CSA estimates of EE were within 
3 .3% of the measured EE. The CSA estimated EE more accurately than the Tritrac and 
Biotrainer accelerometers; however, this was thought to be a function of the accuracy in 
prediction equations rather than differences among the monitors. Bland-Altman plots 
revealed that the CSA had an even distribution around the zero point for the treadmill 
trials, which meant that the CSA was just as likely to overestimate as it was to 
underestimate. Overall, the CSA monitor estimated EE accurately during the treadmill 
conditions, but it underestimated EE during six lifestyle activities (sweeping, vacuuming, 
stacking, raking, mowing, and shoveling) ( 5 1  ). 
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In a study comparing several brands of motion sensors, the CSA was found to 
have a steady increase in activity counts ranging from 54 to 161 m·min- 1 (P < 0.001), but 
no significant differences in counts occurred for speeds from 161 to 188 m·min- 1 (P = 
0.34) and from 188 to 214 m·min- 1 (P = 0.41) (25). When the Freedson et al. equation 
(17) was applied to the activity counts, there was an underestimation of EE at 54 m·min- 1 
and an overestimation at 214 m·min- 1 , but estimated similarly to indirect calorimetry at 
all other intermediate speeds (80, 107, 134, 161, and 188 m·min- 1 ) (25). Among the 
different monitors tested (CSA, TriTrac-R3D, RT3, Sense Wear Armband and BioTrainer 
Pro), it was concluded that the CSA was best for estimating EE during walking and 
jogging speeds, but not running (25). 
Ainsworth et al. (2) examined PA patterns using a CSA accelerometer, a I-page 
48-item PA log, and an interviewer administered telephone survey over 21 days. 
Participants were told to complete the PA log before going to bed each night, to wear the 
accelerometer during all waking hours, and to complete the telephone survey once a 
week. The primary purpose of this study was to asses various methods of measuring PA 
in a field setting over 21 days, with a secondary purpose of determining the ability of the 
CSA accelerometer to detect various 10 minute bouts of moderate intensity activity in a 
field setting. The CSA data were analyzed using the Freedson et al. equation (17), 
Hendelman et al. equation (24 ), and Swartz et al. equation ( 44 ). It was found that the 
Swartz et al. equation (44) compared best with the PA log for minutes of moderate 
activity, while the Spearman rank-order coefficients were highest for resting/light activity 
for the Hendelman et al. equation (24) and Swartz et al. equation ( 44), r = 0.89 for both 
methods. However, the Freedson et al. equation (17) and Swartz et al. equation ( 44) were 
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highest for hard/very hard minutes per day, r = 0.94. Using the various count cut-points 
of each equation for determining minutes spent in moderate-intensity activity yielded 
differing results. According to the Freedson et al. equation ( 17), 25 minutes were spent 
in moderate-intensity activity, while the Hendelman et al. equation (24) reported 4.3 
hours and the Swartz et al. equation (44) reported 2 hours. These differences were most 
likely due to the varying count cut-points proposed by each equation. Freedson et al. (17) 
has the highest cut-points for moderate-intensity activity (1952-5724), while Hendelman 
et al. (24) proposed 190.7-7525.7, and Swartz et al. (44) 574-4944. These cut-points 
made a difference of reporting moderate and hard activity, but it was observed that the 
cut-points of Swartz et al. (44) were most consistent with accurately reporting moderate­
intensity activity when compared to the PA logs. In general, the CSA cut-points 
developed from lifestyle activities produced higher correlation coefficients for moderate­
intensity activities with the PA logs than the cut-points derived from treadmill walking 
and jogging (2). 
Bassett et al. (5) examined the validity of the CSA and Caltrac accelerometers and 
the Kenz Select and Yamax SW-701 pedometers during mostly field-based activities with 
indirect calorimetry as the criterion method. Participants completed activities in the 
general categories of yard work, occupation, housework, family care, conditioning, and 
recreation. Three different regression equations were used to estimate EE with the CSA 
accelerometer: the manufacturer's equation ( 1 ), the Freedson et al. equation ( 17), and the 
Hendelman et al. equation (24 ). Overall, the motion sensors underestimated EE of most 
activities in the field and laboratory. More specifically, the Caltrac and Kenz equations 
underestimated by 0.8-1.8 METs across all activities, but overestimated the energy cost 
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of walking. The CSA Freedson et al. equation (17) underestimated EE across all 28 
activities, while the CSA Hendelman et al. equation (24) had error scores that did not 
differ significantly from indirect calorimetry. The differences seen were in part due to 
the types of activities used to develop the equations. 
In a recent study by Leenders et al. (28), the ActiGraph and Tritrac 
accelerometers were compared to DLW for EE. Thirteen college-aged females with a 
wide range of PA levels were studied. Since it is well established that accelerometers do 
not detect cycling, weight lifting, or swimming, each subject's primary mode of PA had 
to be ambulatory. Fourteen different regression equations were compared and only two 
equations for the ActiGraph were found to compare favorably to DLW. Of the equations 
examined, only the Swartz et al. (44) and Hendelman et al. (24) equations for the 
ActiGraph were not statistically significant from DL W. The Swartz et al. ( 44) equation 
had a Pearson Product correlation of 0.41, and 0.56 for the Hendelman et al. (24) 
equation when comparing estimated total daily EE to DLW and using a suggested 
inactivity threshold by crediting the individual with 1.0 MET if the counts·min- 1 were � 
50. The Swartz et al. equation ( 44) had a mean difference between total daily EE and 
DLW of -4 ± 5% (range = -29 to 24%), while the Hendelman et al. equation (24) showed 
a mean difference between total daily EE and DLW of -2 ± 5% (range = -24 to 23%). It 
was evident from the 14 available equations that large intraindividual errors exist when 
trying to estimate total daily EE. The results of the study by Leenders et al. (28) could 
have been a result of the low sample size or the fact that accelerometers cannot detect 
differences in fidgeting, carrying loads, inclined walking, or stair climbing, which are 
common in daily living. This study clearly demonstrated the need for future research to 
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refine EE prediction equations as only 2 regression equations (with included suggested 
inactivity thresholds) produced similar mean estimates of total daily EE, but still had 
large individual error. The other six ActiGraph equations significantly differed from 
DLW with an average difference ranging from 10-32% (28). 
As evidenced by the numerous studies highlighted previously, it is seen there is 
great variability in prediction of EE among studies. A bottom line conclusion of Bassett 
et al. (5) was "no single regression equation appears to accurately predict EE based on 
acceleration scores for all activities. The vertical acceleration of the body can be 
measured quite accurately, but the relationship with measured EE (METs) differs 
depending on the type of PA perfonned (5)." This was also demonstrated in the Crouter 
et al. (15) study in which 18 activities were perfonned and three other equations to 
predict EE were used. It was found that the single regression equations of Freedson et al. 
(17), Hendelman et al. (24), and Swartz et al. ( 44) tended to slightly overestimate the 
energy cost of walking and light activities, but underestimate the energy cost of many 
moderate-intensity lifestyle activities and vigorous sports. There is tremendous 
variability in the field of predicting EE using accelerometry, especially when determining 
"cut-points" for intensity categories and prediction equations (See Table 1 ). Numerous 
validated equations exist for the CSA accelerometer that have been based on treadmill 
walking and running (17, 27, 56), overground walking and/or running (11, 23, 24, 44, 
56), and various lifestyle activities (24, 44) to predict EE (METs) (See Table 2). 
However, a single regression equation has not yet been found to be superior in accurately 
predicting EE over a range of both lifestyle and walking activities. 
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The ActiGraph (CSA) has become the most widely used accelerometer and 
according to Welk et al. (52) there is little reason to discontinue its use. The CSA had a 
low coefficient of variation (20.1 %) between counts·min-1 when subjects walked at 3 
miles·hour-1 on a treadmill and had the highest generalizability coefficient (G = 0.64; 
SEM = 0.348) (a favorable attribute) among all the tested accelerometers (52). 
Actical 
The Actical (Mini-Mitter Co., Inc., Bend, OR) is said to be an "omni-directional" 
accelerometer, meaning it is capable of detecting acceleration in all directions; however it 
is most sensitive in the vertical plane. It measures 28 x 27 x 10 mm, and weighs 17 .5 g. 
Data can be collected in epochs ranging from 15-s to 15 minutes; 44 days worth of data 
can be collected when using a 1 minute epoch (52). The Actical is the smallest 
accelerometer available and is waterproof, which makes it very desirable for large-scale 
population based studies. The Actical has been validated in pre-school children showing 
that it was a valid tool for assessing PA during structured (walking) and unstructured 
(playing) activities ( 41 ). 
Klippel and Heil (26) examined adults and developed prediction equations for the 
Actical. Each subject completed several sedentary tasks, such as typing, writing, and 
sorting cards, lifestyle tasks, such as vacuuming and dusting, and treadmill walking at 67 
and 80.4 m·min-1 , and jogging at 120.6 m·min-1 . Each subject wore three Actical 
accelerometers, one on the wrist and ankle of the non-dominant side and one on the right 
hip. The hip and wrist location provided the best prediction of activity EE (r = 0.94, SEE 
± 0.8 METs; and r = 0.90, SEE ± 1.0 METs, P < 0.001) respectively. The Actical 
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accurately predicted activity EE during these tasks. Although correlation was high, all 
activities were completed in a laboratory-based setting and were not cross validated in a 
field setting (26). Using the same protocol as above, a group of adolescents and teens 
were also tested. Similar results were found for the hip (r = 0.89 SEE ± 0.0587) and wrist 
(r = 0.89, SEE ± 0.0592) locations (P < 0.001) demonstrating accuracy in using the 
Actical across differently aged populations (22). Using the above data, Heil et al (21) 
developed two regression equations, both with a sedentary cut-point of 50 counts·min-1 : a 
single regression and a 2-regression equation to predict activity EE using the Actical. 
The 2-regression equation better distinguished between light activity and moderate-to­
vigorous activity and was an improvement on the single-regression equation, 
demonstrating a decreased tendency to over-predict the activity energy expenditure (21 ). 
Although an improvement, it also had limitations, mainly concerning the flex points. 
After the second flex point of 350 counts·min-1 , there is a 2-fold increase in the MET 
value and a 4-fold increase in the activity energy expenditure (14). Thus, it has been 
suggested that caution be used with Heil et al. 's equation (21) when activities fall in the 
general range of the second flex point as there is a rapid increase in EE without a 
concomitant increase in counts·min- 1 (14). 
A technical reliability study was conducted by Esliger and Tremblay (16) and 
found different results from that of Welk et al. (52). When the Actical, ActiGraph 7164, 
and RT3 were tested under various conditions by a hydraulic shaker table (acceleration at 
4.9 m·f2 and frequencies of 2.5, 2.0, and 1.0 Hz, 9.81 m·f2 at 2.5 and 2.0 Hz, and 12.26 
m·f2 and 2.5 Hz), the Actical had the best intrainstrument reliability (mean CVintra = 
0.4%) and the second best interinstrument reliability (15.5%). In a second experiment, it 
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was found that the Actical variability was negatively related to the intensity of the shaker 
plate. Therefore, the variability of the Actical was affected by acceleration rather than 
frequency. Overall, of the three accelerometers tested (Actical, ActiGraph 7164, and 
RT3), the Actical was shown to have the best combination of intrainstrument and 
interinstrument reliability; however due to discrepant trends across various accelerations 
and frequencies, the investigators could not suggest a superior model between the Actical 
and ActiGraph (16). 
In contrast to the previously mentioned study, Welk et al. (52) found that during 
walking at 3 miles·houf 1 on a treadmill, the Actical had a CV of 31.1 %. These results 
were disconcerting to the investigators as the Actical showed poor reliability despite 
being brand new at the start of the study (52). 
Bio trainer 
The Biotrainer (IM Systems, Baltimore, MD) is a uniaxial accelerometer that 
measures slightly larger than the original CSA accelerometer (50, 52). Data can be 
collected in epochs ranging from 15-s to 5 minutes; 22 days worth of data can be 
collected when the 1 minute epoch is used (52). The Biotrainer offers several advantages 
over other models including no initialization period. Rather, it collects data 
retrospectively from the time it was downloaded, the cost is substantially less than other 
brands such as the CSA and Tritrac (50). Welk et al.(50) conducted a study in which 181 
adults walked and jogged at different speeds (3, 4, and 6 miles·hour- 1) on a treadmill to 
test the interinstrument reliability of the Biotrainer while also using the data to develop an 
equation to predict EE using indirect calorimetry as the criterion method. 
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Interinstrument reliability showed significant pairwise differences (P < 0.05) for output 
between a Biotrainer worn on the right and left sides of the body. The intraclass 
correlation coefficients ranged from r = 0.60-0.71 with the lowest reliability found at the 
fastest speed (6 miles·hour-1). The r values would have increased to 0.66-0.84 if only the 
slower two speeds were used.· Raw counts and body weight were significant predictors of 
EE and produced the final equation: EE (kcal·min- 1) = (0.7863·counts·min-1) + 
(0.0659·weight in kg) - 3.3377 (R2 = 0.88, SEE = 1.47). The cross validation group 
yielded an r value of 0.93 demonstrating a strong relationship between measured and 
predicted EE. This study concluded that the Biotrainer could be used to predict EE based 
on the counts·min-1, especially for locomotor activities. It was noted that although this 
was a laboratory-based study, the correlations and small standard error of estimates were 
similar to those seen in other studies validating the CSA and Tritrac accelerometers (17, 
39). Therefore, the Tritrac accelerometer was found to estimate EE reasonably well for 
locomotor activities, especially at slower speeds (50). 
Another study using the Biotrainer (51), found that the monitor correlated 
strongly with treadmill walking/jogging (r = 0.88) but the correlation decreased to r = 
0.59 when examining lifestyle activities. The Biotrainer significantly overestimated EE 
during treadmill walking at 3 and 4 miles·hour-1 and jogging at 6 miles·hour·1 and 
underestimated EE during six different lifestyle activities (sweeping, vacuuming, 
stacking, raking, mowing, and shoveling). The underestimation observed was not 
unexpected as most activities included considerable upper body movements. These 
findings are in line with other studies demonstrating that accelerometer-based activity 
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monitors provided an accurate measurement of PA, but the estimation of EE was less 
accurate (51 ). 
The Biotrainer Pro, a more recent model of the Biotrainer, was studied by Welk et 
al. (52) and found to have a low CV (18.1 %) and fairly high generalizability coefficient 
(G = 0.557, SEM = 0.664) (52). In a different study comparing several activity monitors, 
the Biotrainer-Pro performed poorly across speeds ranging from 54 to 214 m·min- 1 • 
Agreement between the BioTrainer-Pro activity EE and indirect calorimetry EE improved 
slightly from 54 to 107 m·min- 1 , but decreased after speeds of 134 m·min- 1 • Overall, the 
BioTrainer-Pro overestimated EE compared to indirect calorimetry at all walking and 
running speeds, with the exception of the fastest running speed (25). 
Tracmor 
The Tracmor is a triaxial accelerometer that measures 50 x 30 x 8 mm, weighs 16 
g, and is housed in a polyvinal chloride casing. The Tracmor is commonly used in 
Europe; however, it is not commercially available. The design is based on three separate 
piezoresistive accelerometers. A cord connects the accelerometer to the data unit which 
measures 110 x 70 x 35 mm and weighs 250 g. The data unit acquires, stores, and 
processes the data collected from the accelerometer. All signals are amplified and pass 
through a filter that ranges from 0.11-20 Hz, which eliminates external noise not 
produced by human movement. The data are then transferred to a computer for further 
analyses with the data being rectified and integrated in the three separate planes (6). 
A Tracmor was developed by Bouten et al. (7) and was found to enhance 
prediction of EE when using the vector sum value of accelerometer output from the x, y, 
30 
and z planes, rather than a single plane as a uniaxial accelerometer would do. Subjects 
performed several activities including sitting quietly, sitting and writing, sitting with arm 
work, alternating sitting and standing every 10 seconds and walking on a level treadmill 
at 3, 4, 5, 6, and 7 km·hr- 1 • During walking, the integral of the absolute accelerometer 
count in the x plane (anteroposterior) was the best predictor of EE, which was unexpected 
as the z (vertical) plane usually has the most acceleration during walking. When both 
sedentary and walking activities were combined, the integral of the absolute 
accelerometer output from all three planes was the best predictor (r = 0.95) of EE, which 
was expected as human movement is multidirectional. When further dividing each 
activity into its primary movement plane, it was found that the majority of arm work was 
done in the y plane, sitting and standing in the x plane, and walking in the z plane. Since 
these multiple movements are common to everyday tasks, it was concluded that triaxial 
accelerometers were more likely to quantify PA better than a uniaxial accelerometer as it 
captures movement in all three planes (7). 
In a different study by Bouten et al. (6), the Tracmor was compared to DLW. 
Each subject spent 36 hours (2 nights and 1 day) in a respiration chamber and had a 15 
minute walking bout in the intervening day. Sleeping metabolic rate was calculated from 
the two nights in the chamber. DL W was administered, movement was recorded using 
the Tracmor, and activity logs were completed for 8 consecutive days. A urine sample 
was also collected at the end of the observation days and analyzed with an isotope ratio 
mass spectrometer (Aqua Sira, VG-Isogas). It was found that the Tracmor correlated 
well (r = 0.73) with PA level (physical activity level (PAL) = average daily metabolic 
rate determined via DLW - sleeping metabolic rate measured in a respiration chamber) 
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after being adjusted for vibrations occurring from transportation. Before correction, the 
correlation was only r = 0.58. There were also no differences between the Tracmor and 
DL W overall regardless of PAL level. Overall, it was concluded that the Tracmor could 
be used to distinguish among interindividual and intraindividual levels of daily PA in 
free-living subjects; however, the size and additional weight must be reduced to optimize 
comfort, especially during vigorous sporting activities (6). 
Tritrac-R3D 
The Tritrac-R3D (Professional Products, a division of Reining International, 
Madison, WI) is a triaxial accelerometer that measures 11.1 x 6.7 x 3.2 cm and weighs 
170 g (53). It is triaxial in nature because it measures accelerations in three different 
planes: anteroposterior (x), mediolateral (y), and vertical (z). A triaxial accelerometer 
produces a count value for each axis which can then be used to calculate the vector 
magnitude. (Sum of vector magnitude = the square root of (x2 + y2 + z2)) (39). When 
using the Tritrac-R3D, the predicted RMR is based on the subject's height, weight, age, 
and gender (53). It then predicts activity EE using the vector sum and adds the RMR to 
calculate gross EE. Data can be collected in epochs ranging from 1-s to 1 minute (52); up 
to 14 days worth of data can be collected, in three planes, when the 1 minute epoch is 
chosen, which allows for better assessment of quantity and patterns of PA (39). In a 
validation study of the Tritrac-R3D, it had high interinstrument reliability between two 
different accelerometers worn on the left and right hips and strong intersession reliability 
(r = 0.87-0.92). Indirect calorimetry was used as the criterion method. The Tritrac-R3D 
consistently overestimated EE compared to IC during level walking on the treadmill at all 
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speeds (3.2, 6.4, and 9.7 km·hr-1) . The mean differences in gross EE ranged from 0.0082 
kcal·kg- 1 ·min- 1 (-17%) (at 3.2 km·hr- 1) to 0.0320 kcal·kg- 1 ·min- 1 (-19%) (at 9.7 km·hr-1). 
The Tritrac-R3D significantly underestimated treadmill walking at 6.4 km·hr- 1 and a 5% 
grade. Therefore, it was concluded that the Tritrac-R3D can accurately distinguish 
between different walking intensities, but was insensitive to changes in grade (39). 
King et al. (25) compared several different activity monitors across a range of 
walking and running speeds (range = 54 - 214 m·min-1), the Tritrac-R3D was found to be 
the most accurate for the highest running speed. However, the Tritrac-R3D significantly 
overestimated EE at all other walking and running speeds (54-188 m·min-1). In 
comparison to the CSA, RT3, BioTrainer-Pro, and SenseWear Armband, the Tritrac-R3D 
gave the best estimates of total net EE compared to indirect calorimetry during fast 
running (25). 
When compared to other accelerometers for generalizability, the Tritrac-R3D 
accelerometer had the lowest coefficient of variation within devices (15 .9%) when 
subjects walked at 3 miles·hour- 1 on a treadmill. The Tritrac-R3D had a fairly high 
generalizability coefficient (G = 0.573, SEM = 184) (52). 
Data Reduction Methods 
There are several important factors that need to be taken into consideration when 
performing data reduction: 1) identification of wear time, 2) minimal wear requirement 
for a valid day, 3) eliminating data outliers, 4) computing outcome variables and 
aggregating days of data, and 5) quantifying bouts of moderate to vigorous PA (31 ). In 
an investigation examining four reduction algorithms and the outcomes, it was found that 
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the operational definitions of these factors significantly affected important outcome 
variables. The algorithm with the most stringent criteria affected the sample size and the 
amount of inactivity allowed into analysis affected the sensitivity. The authors concluded 
that it was critical for investigators to clearly define the criteria used in data reduction. 
Although there was consensus on the need for standardization, there has not been 
substantial research in this area as of present (31 ). 
Limitations of Current Accelerometers 
Although accelerometers have grown m popularity, there are still major 
limitations when using these devices to estimate EE. Accelerometers do not currently 
detect changes in incline (25, 37), carrying a load (11, 24, 25), position (standing vs. 
sitting) (10), aquatic activities (36), upper body movements (24, 25), vigorous activity 
(running velocities > 10 km·hr- 1) (18), or side-to-side activity (such as tennis) (36). It is 
possible that accelerometers can detect vigorous activity; however, many uniaxial 
accelerometers may not be able to capture the entirety of the activity's intensity. 
Depending on its duration and rate of change, an occasional signal might exceed the 
upper limit of the accelerometer and produce a high count, but this single count will not 
represent the entirety of the vigorous activity (12, 47). 
One central limitation of uniaxial accelerometers is signal saturation. One study 
by Brage et al. (9) demonstrated that the CSA counts·min- 1 rose linearly with running 
speeds ranging from 3 to 9 km·hr- 1 , but then leveled off at approximately 10,000 
counts·min- 1 and decreased at the highest speeds (-14-16 km·hr- 1). This resulted in an 
underestimation of EE by approximately 11 % at 10 km·hr-1 and 48% at 16 km·hr-1 (P < 
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0.001). Uniaxial accelerometers only capture activity in the vertical plane and it was 
suggested by the investigators that this leveling off in counts·min-1 was due to the 
constant vertical acceleration when running at higher speeds, which will not be detected 
as an increase in EE when using an uniaxial accelerometer (9). 
Further evidence of this phenomenon was seen in a study that compared the 
predictive accuracy of 4 commonly available commercial brands of accelerometers. 
Sixteen endurance-trained males walked and ran at several speeds on a treadmill (3 , 5, 
and 7 km·hr- 1 for walking and 8, 10, 12, 14, 16, 18, and 20 km·hr- 1 for running) with four 
motion sensors attached at the waist. The four motion sensors employed were: the 
uniaxial CSA 7164 (also known as the MTI accelerometer, Manufacturing Technology 
Inc., Fort Walton Beach, FL), the uniaxial ActiGraph GTlM (Manufacturing 
Technology, Inc., Fort Walton Beach, FL), the uniaxial Actiheart (Cambridge 
Neurotechnology Ltd., Papworth, UK), and the triaxial 3dNX (BioTel Ltd., Bristol, UK). 
All four accelerometers responded in a linear manner at the various walking speeds (CSA 
7164 r = 0.956, ActiGraph GTlM r = 0.954, Actiheart r = 0.960, and 3dNX r = 0.968, P 
< 0.001 for all models). However, the results for running differed among accelerometers. 
The ActiGraph GTlM counts·min- 1 and Actiheart counts·min- 1 rose linearly until speeds 
of 14-16 km·hr- 1 , while the CSA counts·min- 1 reached a plateau at approximately 10-12 
km·hr- 1 and then decreased at speeds > 16 km·hr-1 • The vector sum of the counts·min-1 of 
the Triaxial 3dNX was the only accelerometer that increased linearly with all running 
speeds up to and including 20 km·hr- 1 ,  which is the world-record marathon pace (18). To 
correctly identify faster running speeds, accelerometers must have a bandpass filter 
frequency range that includes the maximum frequency observed during running and a 
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sampling frequency equal to twice that, to allow for reconstruction of the original signal. 
The observed differences in the plateaus at higher running speeds could be due to the fact 
that the ActiGraph GTlM and Actiheart have a slightly higher sampling frequency than 
the CSA. This could be in part why the ActiGraph GTlM counts·min-1 and Actiheart 
counts·min- 1 reached a plateau at 14-16 km·hr- 1 , while the CSA counts·min- 1 reached a 
plateau earlier at 10-12 km·hr-1, and then decreases further at 16 km·hr- 1 . The results of 
the Fudge et al. study ( 18) suggested that a triaxial accelerometer was better at capturing 
fast running speeds up to 20 km·hr- 1 . However, when attempting to capture walking and 
slow running/jogging, uniaxial accelerometers such as the ActiGraph GTlM, CSA, and 
Actiheart tend to be adequate. 
An additional limitation to current accelerometers is the lack of calibration 
procedures. There are two main calibration procedures that need to be taken into 
account: value calibration (validity) and interunit calibration. Value calibration evaluates 
how the output from accelerometers varies across different types of activities and 
intensity levels, meaning that the activity counts can somehow be used to provide more 
meaningful units such as EE ( 49). It is important to consider the type of activities that the 
calibration equations are based upon since regressions based on walking/jogging tend to 
be accurate for walking/jogging but decrease in accuracy when used for lifestyle 
activities. In addition, due to the large individual errors, accelerometry was better suited 
for group estimations of EE. There was also an assumed linear relationship between EE 
and accelerometer counts which may lead to under- and overestimations of EE depending 
on the activity. The individual errors may be related to gait mechanics, economy of 
motion during higher intensity activities, and anthropometric variables (i.e., leg length). 
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Similarly, indirect calorimetry is often used, but with such lifestyle activities as golfing, 
vacuuming, or raking, waist-mounted accelerometers do not capture the upper body 
movements, and therefore, typically underestimate EE. When investigators included 
lifestyle-based activities in the regression equation, group EE was better estimated, but 
the R2 values tended to be lower and when transferred to other activities did not always 
hold true. A single regression equation to capture lifestyle and locomotor activities has 
inherent limitations as equations based on locomotor activities tend to underestimate EE 
from lifestyle activities, and conversely, when lifestyle activities are included, the 
correlations are reduced and there was often an overestimation of EE ( 49). Therefore, it 
is important to employ the equation that most closely resembles the population under 
study and types of activities they perform; however in large-scale studies, this is difficult. 
Welk ( 49) suggested that further research is needed regarding the calibration of 
accelerometers with a balance between accuracy and feasibility. It was also suggested 
that if a new equation was developed it should provide an improvement upon previous 
equations ( 49). 
Placement of accelerometers may also have an impact on the data. The position 
of accelerometers is most commonly on the hip due to comfort and ease. Certain 
accelerometers may produce significantly altered counts based on the positioning of it in 
line with the anterior axillary line, mid-axiallary line, or posterior axillary line ( 49). This 
may be especially important in uniaxial accelerometers, such as the ActiGraph because 
the results may be influenced by position due to the orientation of the sensor which will 
detect different accelerations at various angles. In contrast, bidirectional or triaxial 
accelerometers, are theoretically independent of position as they can detect motion in 
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multiple planes ( 49). Therefore, caution must be taken when using uniaxial 
accelerometers to ensure proper data collection. On the other hand, this might be of 
minor consequence given that participants might not always wear the accelerometer in 
the correct position. 
Crouter 2-Re2ression Model 
The Crouter 2-regression model (15) was developed using a uniaxial ActiGraph 
7164 accelerometer (2.0 x 1.6 x 0.6 in., 42.5 g). It measures accelerations in the range of 
0.05-2 g and has a band-limited frequency of 0.25-2.5 Hz. Acceleration is sampled at 10 
Hz and then is filtered using an 8-bit analog to digital converter that samples at 10 Hz. 
Eighteen different activities ranging across the intensity spectrum from sedentary 
behaviors to vigorous PA were used to develop the new model. A total of 48 participants 
completed at least one of three different routines, which consisted of 6 activities for a 
total of 20 participants completing each routine. The activities included: lying, standing, 
sitting doing computer work, filing articles, walking up and down stairs at a self-selected 
speed, cycling at a self-selected work rate, walking at approximately 3 and 4 miles·houf1 
around a track, playing one-on-one basketball, playing singles racquetball, running at 
approximately 5 and 7 miles·hour-1 around a track, vacuuming, sweeping and/or 
mopping, washing windows, washing dishes, lawn mowing with a push mower, and 
raking grass and/or leaves. 
From these routines, 45 tests (15 per activity) were used to develop the new 
Crouter 2-regression model and 15 tests (5 per activity) were used for cross-validation. 
After examining previously collected data, Crouter et al. (15) discovered that walking and 
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running could be differentiated from other activities based on the variability in counts. 
General locomotion (walking and running) produces a lower variability in counts than 
other activities that are more intermittent in nature (basketball, racquetball, mowing lawn, 
etc.). When higher variability in counts was observed this was usually reflective of 
intermittent, lifestyle activities. Using this observation, the new method was based on the 
coefficient of variation (CV) between 6 successive 10-s epochs within a minute. Two 
different regression equations were developed; one for activities with a CV � 10% and 
one for activities with a CV > 10%. During almost all of the walking and running 
activities the CV was � 10% and for almost all other activities the CV was > 10%. 
Linear regression was used first, but after further analyses an exponential curve was 
found to be the best fit for activities with a CV � 10% (i.e., walking and running) and a 
cubic equation was used when the CV > 10% (i.e., intermittent activities). 
The Crouter 2-regression model consists of a three part algorithm: 2 regression 
equations and an inactivity threshold: 
1) If the counts·min- 1 are � 50, EE (METs) = 1.0 
2) If the counts·min-1 are > 50 and the CV of the counts per 10-s are � 10%, then 
EE (METs) = 2.379833 · [exp(0.00013529 · ActiGraph counts·min- 1)] (R2 = 
0.701; SEE = 0.275) 
3) If the CV of the counts per 10-s are > 10%, then EE (METs) = 2.330519 + 
(0.001646 · ActiGraph counts·min- 1) - [1.2017 x 10-7 • (ActiGraph counts·min- 1)2] 
+ [3.3779 x 10- 12 • ActiGraph counts·min- 1)3] (R2 = 0.854; SEE = 0.940) (15). 
The Crouter 2-regression model more accurately predicted EE than the Freedson 
et al. equation (17) (r = 0.124, P < 0.05), Swartz et al. equation ( 44) (r = 0.189, P < 
39 
0.001), and Hendelman et al. equation (24) (r = 0.696, P < 0.0001) (15). These three 
equations all tended to overestimate sedentary behaviors, light-intensity activity and 
walking, while underestimating moderate and vigorous-intensity lifestyle activities. This 
was most likely due to the types of activities the equations were based upon, but none­
the-less it still demonstrated a deficiency in accurately estimating EE. The Crouter 2-
regression model is an improvement over previous equations across all three intensities as 
it is evident that the walk/jog counts·min- 1 had a lower CV and can be fit well to one 
regression line; while lifestyle activities with a higher CV (> 10%) more closely follow 
another regression line. Using the CV to distinguish between walking/running and 
lifestyle activities, the Crouter 2-regression model significantly improved upon the single 
regression predictions of EE with a mean bias of 0.1 METs (95% prediction interval; -1.4 
- 1.5 METs) (15). The next best prediction of EE was by the Swartz et al. equation (44), 





Thirty participants volunteered from the University of Tennessee, Knoxville and 
surrounding community. This study was approved by the University of Tennessee 
Institutional Review Board. All participants were informed of potential risks and benefits 
of the study before they provided written informed consent. To screen out individuals 
with potential health risks, a health history questionnaire was completed. Participants 
were not included if they had any contraindications to exercise, including 
musculoskeletal injuries, known cardiovascular disease, or pregnancy. All participants 
met the inclusion criteria and none were excluded from analyses. Both males (n = 1 4) 
and females (n = 16) between the ages of 1 8-60 years old were included. The physical 
characteristics of the participants are shown in Table 3. 
Protocol 
Each participant was asked to refrain from engaging in vigorous exercise for the 
past twelve hours and eating for three hours prior to laboratory testing. Height and body 
mass (in light clothing and no shoes) were measured using a stadiometer and physician's 
scale, respectively. Body mass index (BMI) was calculated according to the formula: 
body mass in kilograms (kg) divided by height squared in meters (m2). 
Each participant was randomly assigned to one of three pre-planned conditions, 
with activities starting at 0-s, 20-s, or 40-s after the minute on the ActiGraph clock. 
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Based on the condition assignment (0-s, 20-s, or 40-s ), the participant started the activity 
at the appropriate time corresponding to the ActiGraph GTlM clock, which was 
synchronized with a digital clock. For example, if the participant was assigned to the 0-s 
condition, the participant started and stopped each activity at HH:MM:00, the 20-s 
condition started and stopped each activity at HH:MM:20, and the 40-s condition started 
and stopped each activity at HH:MM:40. Each participant rested in the supine position 
for 15 minutes for a baseline measurement of EE. Then a 5-s countdown was given and 
the participant played one-on-one basketball with the investigator for 8 minutes in an 
indoor gymnasium. Another 5-s countdown was given before the participant sat in a 
chair for 8 minutes. The participant then walked for 8 minutes around the perimeter of 
the basketball court at a self-selected pace. Towards the end of the walking bout, the 
investigator gave another 5-s countdown and the participant sat for 8 minutes in a chair. 
The distance walked per lap was measured with a measuring wheel and the total number 
of laps was recorded for an accurate measurement of total distance walked. 
Each participant wore an ActiGraph GTlM accelerometer attached to a nylon belt 
and the GTlM was positioned in line with the anterior axillary line on the right hip. The 
Cosmed K4b2 was worn using a specially designed harness (Figure 2). After each trial 
was completed the data were downloaded onto a laptop computer for further analyses. 
All trials took place at the University of Tennessee, Knoxville facilities. 
ActiGraph GTlM 
The ActiGraph GTlM accelerometer is a compact (3.8 x 3.7 x 1.8 cm) and 
lightweight (27 g) uniaxial accelerometer. The GTlM accurately measures accelerations 
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in the range of 0.05 to 2 g. The acceleration signals are sampled at 30 Hz and then 
digitized with a 12-bit analog/digital converter and a microcontroller then numerically 
integrates the signal. The signal is then subjected to a bandpass filter that markedly 
attenuates signals outside of the 0.25-2.5 Hz range. All data are stored in the 
accelerometer's hardware. The GTl M  model has 1 MB non-volatile memory for data 
storage, which allows for 345 days of activity data to be stored when using 1 minute 
epochs (1). A standard USB 2.0 interface is used to transfer data and charge the battery. 
The ActiGraph GTl M  was initialized using 1-s epochs and synchronized with a digital 
clock, which the Cosmed K4b2 was synchronized to for data collection. After the data 
were downloaded, they were then converted to 10-s epochs using a Visual Basic 
program. The GTl M  ActiGraphs are calibrated by the manufacturer and no further 
calibration is required (Personal communication, John G. Schneider, ActiGraph, October 
6, 2006). 
Cosmed K4b2 
The Cosmed K4b2 (Cosmed, Rome, Italy) is a portable calorimetry system which 
weighs 1.6 kg (including the battery pack and harness). Each participant wore the 
Cosmed K4b2 to collect breath-by-breath respiratory data throughout each trial. The 
Cosmed K4b2 provides an accurate method for measuring oxygen uptake over a range of 
cycling intensities (33). 
The Cosmed K4b2 was attached to the participant's  chest with the use of a harness 
provided by the manufacturer. Each participant was fitted with a rubber face mask 
(Hans-Rudolph, Kansas City, MO) that was placed over both the mouth and nose. A 
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disposable gel seal (Hans-Rudolph, Kansas City, MO) was placed around the border of 
the facemask to ensure no air leaks. The Cosmed K4b2 was calibrated according to the 
manufacturer's guidelines before each trial. Specifically, a room air calibration was 
performed, followed by a reference gas calibration using 16.03% oxygen and 3.98% 
carbon dioxide. The flow meter was calibrated using a 3.00-L Hans-Rudolph syringe and 
then a delay calibration was performed that adjusted for the time between the expiratory 
gas measurement and the time required for the gas to reach the analyzers. All data were 
stored in the Cosmed K4b2 during the trials and then downloaded to a laptop computer. 
Data Analysis 
Thirty participants were included in the final analysis of the data. One 
participant's data had to be discarded due to problems encountered with downloading the 
data. One participant performed two conditions (0-s and 40-s conditions). 
Breath-by-breath data from the Cosmed K4b2 were averaged over I-minute. V02 
(ml·min-1 ) was adjusted for the weight of the ActiGraph GTIM and Cosmed K4b2 by 
adding 1.7 kg to the subject's body weight and converting to ml·kt 1 ·min-1 ,  then divided 
by 3.5 to obtain a MET value. 
For each minute of the activity bout, the measured MET value was determined 
from the values provided by the Cosmed K4b2 • The predicted MET value was 
determined from the ActiGraph GTIM using the Crouter 2-regression model (15), 
Freedson et al. equation (17), Hendelman et al. equation (24), and Swartz et al. equation 
(44). The Crouter 2-regression model first uses an inactivity threshold, whereby, if the 
counts are below 50 counts·min- 1 the subject is considered to be inactive and credited 
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with 1 .0 MET. It then determines whether the subject was performing walk/jog activity 
or intermittent lifestyle activity, based on the variability in counts among 6 consecutive 
10-s epochs within each minute on the ActiGraph's internal clock. Then, it applies either 
a walk/jog or intermittent lifestyle regression to predict a MET value. 
Statistics 
The mean (± SD) values of predicted and measured METs for all IO participants 
in each condition (0-s, 20-s, 40-s) were computed. For all analyses an alpha of 0.05 was 
used to denote statistical significance. The differences between measured and predicted 
METs were calculated for each time point. Separate analyses were conducted for 
basketball and walking examining mean error (measured MET values - predicted MET 
values). Two-way repeated measures ANOVAs (time x condition) were used to analyze 
the data. In the case of significant interactions, for each condition, one sample t-tests 
were run to determine if the mean error was significantly different from zero for each 
time point. 
The total EE for a bout was computed by summing the MET values for each 
minute to yield MET·minutes. One-way repeated measures ANOV As ( condition) were 
used to analyze total MET·minutes. One sample t-tests were used to determine if error 
scores significantly differed from zero. 
Repeated measures ANOV As were used to analyze the measured MET values 
against the predicted MET values (Crouter et al . ( 1 5), Freedson et al . ( 17), Hendelman et 
al. (24 ), and Swartz et al. ( 44) equations) for both basketball and walking. Pairwise _ 
comparisons with Bonferroni corrections were used to examine significant differences. 
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Bland-Altman plots were created for basketball and walking separately to observe 
the individual error between measured and predicted MET values for both activities. All 




Due to the differences in start times for each activity, different terminology was 
necessary. For the 0-s condition, the first minute of activity was referred to as 'minute I '  
with the remaining minutes labeled sequentially. In this condition all activity bouts 
started and stopped in synchronization with time 0-s on the ActiGraph clock. For the 20-
s and 40-s conditions, the first minute of the bout (transitioning from rest to activity) was 
referred to as the first transitional minute and the last minute of the bout was referred to 
as the last transitional minute (transitioning from activity to rest). The participants in 
these two conditions started and stopped their activity bouts in synchronization with time 
20-s and 40-s on the ActiGraph clock and thus the transitional minutes included time 
spent in rest and activity. The minutes between the transitions included activity only, and 
were labeled minutes 2-7 sequentially. For example, a participant in the 20-s condition 
for basketball would have data for the first transitional minute, 7 full minutes of activity, 
and the last transitional minute. 
Basketball 
Figures 3 through 5 depict the measured and predicted MET values for each 
activity and condition. The repeated measures ANOV A showed a significant interaction 
between time and condition during basketball (F16, 4o = 3.455, P =0.001) when comparing 
measured and predicted MET values. To examine the interaction, each condition was 
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analyzed separately. One sample t-tests were run to determine whether the mean e�or 
differed significantly from zero. 
Comparisons between measured MET values and predicted MET values using the 
Crouter 2-regression model for each time point by condition (0-s, 20-s, and 40-s) are 
shown in Figure 6. The Crouter 2-regression model significantly under-predicted the EE 
during basketball by an average of 2.1 METs, except during the first minute of the bout. 
For the 0-s condition, the Crouter 2-regression model was on average 2.4 ± 1.0 
METs lower than the measured METs (P < 0.05) except during the first minute when it 
was 3.2 ± 1.2 METs higher than the measured METs (P < 0.001). Minute by minute 
mean difference values during basketball for condition 0-s are presented in Table 4. 
For the 20-s and 40-s conditions, the Crouter 2-regression model significantly 
over-predicted the measured MET values for both the first and last transitional minutes. 
For minutes 2-7, there was a significant under-prediction by the Crouter 2-regression 
model by an average of 2.0 METs. Minute by minute mean difference values during 
basketball for conditions 20-s and 40-s are presented in Tables 5 and 6. 
When examining the total energy cost for the entire basketball bout, there was no 
difference between the measured and predicted MET values among the 0-s, 20-s, and 40-
s conditions (F2, 21 = 0.415, P = 0.665). Therefore, it can be concluded, that the mean 
error between the Crouter 2-regression model and measured MET values was consistent 
across all conditions. Regardless of condition, the Crouter 2-regression model predicted a 
mean total energy cost of 67.6 ± 4.9 METs while the mean measured energy cost was 
80.4 ± 15.2 METs. This resulted in an under-predicted in the energy cost by 12.8 ± 13.8 
MET·minutes (P < 0.001) across all conditions (Figure 7). 
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The Bland-Altman plot for basketball (Figure 8) revealed substantial individual 
errors in the total energy cost. Almost all data points were above zero, indicating that on 
average the Crouter 2-regression model under-predicted the total energy cost (95% 
Prediction Interval (PI) 7.7, 18 MET·minutes). In addition, there was a general trend 
indicating that as the intensity of playing basketball increased, the magnitude of the 
under-prediction of the total energy cost became greater. 
When comparing the Crouter 2-regression model to the Freedson et al. equation 
(17), Hendelman et al. equation (24), and Swartz et al. equation (44), it was found that 
the Crouter 2-regression model gave on average a higher MET value than the other 
prediction equations (see Figure 9). However, all equations significantly underestimated 
the measured energy cost of basketball (P < 0.05). The Crouter 2-regression model had 
a statistically significant lower mean difference of 1.4 METs than measured METs (P < 
0.001). On average, the total measured EE during basketball was 8.9 METs, while the 
predicted energy cost was 7.5 METs by the Crouter 2-regression model, 5.2 METs by the 
Freedson et al. equation (17), 4.9 METs by the Hendelman et al. equation (24), and 5.9 
METs by the Swartz et al. equation ( 44). 
Walking 
The average walking speeds were 80.3 m·min·1 ,  78.8 m·min·1 , and 80.7 m·min·1 
for the 0-s, 20-s, and 40-s conditions, respectively. For all conditions combined, the 
average walking speed was 79.9 m·min·1 • 
Figures 3 through 5 show the predicted and measured MET values for each 
condition during walking. The repeated measures ANOVAs showed a two-way 
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interaction between time x condition in the walking bouts (F 1 6, 40 = 3.899, P < 0.001). To 
examine the interaction, each condition was analyzed separately. One sample t-tests were 
run to determine if the mean error significantly differed from zero. Comparisons between 
measured MET values and predicted MET values using the Crouter 2-regression model 
for each time point by condition (0-s, 20-s, and 40-s) are shown in Figure 10. 
For the 0-s condition, there was no significant difference between the Crouter 2-
regression model and measured MET values, except during the first minute when there 
was a small 1.2 ± 1.0 METs (P = 0.004) difference using the Crouter 2-regression model. 
Minute by minute mean difference values during walking for condition 0-s are presented 
in Table 7. 
For the 20-s and 40-s conditions, both the first and last transitional minutes had 
mean errors that were significantly different from zero. For the remaining minutes (2-7), 
there were no differences between measured and predicted MET values using the Crouter 
2-regression model. Minute by minute mean difference values during walking for 
conditions 20-s and 40-s are presented in Tables 8 and 9. 
When examining the total energy cost for the entire walking bout, there was a 
marginally significant condition effect (F2, 27 = 3.028, P = 0.065). Therefore, all 
conditions were analyzed separately to explore possible patterns between the conditions. 
There was reason to believe the marginal significance was due to the transitional minutes 
as demonstrated by the previous results. One sample t-tests were run for each condition 
to determine if the mean error was significantly different from zero. Figure 11 shows that 
in the 0-s condition, there was no difference between the measured total energy cost of 
walking (31.7 ± 7.5 MET·minutes) and the predicted total energy cost by the Crouter 2-
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regression model (32.3 ± 5.0 MET·minutes) (P = 0.793). However, in the 20-s condition, 
the Crouter 2-regression model over-predicted the measured total energy cost by 7 .2 ± 
6.5 MET·minutes (24.4%) (P = 0.006) and in the 40-s condition, it over-predicted by 3 .7 
± 3 .3 MET·minutes (1 1 .3%) (P = 0.006). 
Due to the previous findings of consistent over-predictions in the first and last 
transitional minutes during walking, further analyses were conducted excluding both the 
transitional minutes. After excluding the first and last transitional minutes, the total 
average measured energy cost was 26.2 ± 5 .0 MET·minute� and the total predicted 
energy cost was 26.9 ± 4.0 MET·minutes (P = 0.480), indicating that the predicted energy 
cost by the Crouter 2-regression model was accurate (Figure 1 1  ) .  
Bland-Altman plots for walking were separated by condition due to the possible 
differences in transitional minutes as observed by condition (Figures 12  and 13). In 
general, the Crouter 2-regression model under-predicted the energy cost in the 0-s 
condition and over-predicted in the 20-s condition, with each condition having one data 
point outside the 95% PI. The 40-s condition was mainly centered around the mean with 
all data points within the 95% PI. When excluding the transitional minutes for walking 
(Figure 13), the 95% PI range was tighter, but similar trends were seen as compared to 
walking with transitional minutes included. 
When comparing the measured MET values to the Crouter 2-regression model, 
the Freedson et al . equation ( 17), Hendelman et al. equation (24), and Swartz et al . 
equation ( 44), it was found that the Crouter 2-regression model had a significant over­
prediction by 0.4 METs during the entire walking bout (including the transitional 
minutes). On average, the total measured energy cost during walking (including the 
5 1  
transitional minutes) was 3.5 METs, while the predicted energy cost was 3.9 METs by 
the Crouter 2-regression model, 3.7 METs by the Freedson et al. equation (17), 4.1 METs 
by the Hendelman et al. equation (24), and 4.5 by the Swartz et al. equation (44) (Figure 
9). When the transitional minutes were excluded, the predicted MET values by Freedson 
et al. (17) and the Crouter 2-regression model did not differ from the measured MET 




The main findings of this study were that the Crouter 2-regression model under­
predicted measured MET values during basketball and over-predicted measured MET 
values during the first and last transitional minutes of a walking bout. Although these 
differences were significant, it is an improvement upon other single regression equations 
used with the ActiGraph (i.e., Freedson et al. (17), Hendelman et al. (24), and Swartz et 
al. (44)). 
Basketball 
During the development of the Crouter 2-regression model there was a cross­
validation of the regression on a hold-out sample of 15 individuals (5 individuals per 
activity), in which the predicted MET values of basketball did not differ significantly 
from the measured MET values (15). Therefore, the current under-prediction seen in this 
study was somewhat surprising. 
There are several possible explanations for this finding. First, the Crouter 2-
regression model was developed using the ActiGraph 7164 (15), whereas the present 
study used the newer ActiGraph GTlM. Although ActiGraph attempted to make the 
output consistent and identical between the two models, it was possible that the 
technological changes between the two models caused a difference in count output. The 
7164 measures accelerations in the range of 0.05 to 2 g and has a filter that is band 
limited with a frequency of 0.21 to 2.28 Hz. Data are collected at 1 0  Hz and then 
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digitized by an 8-bit analog/digital converter (38). The 7164 model used a cantilevered 
beam with a seismic mass attached to the end of it. The seismic mass senses changes in 
acceleration and causes a piezoelectric element to experience a deformation and generate 
a voltage output that is proportional to the acceleration (12, 38). Similar to the 7164, the 
GTlM model measures accelerations in the range of 0.05 to 2 g, but has a filter that is 
band limited with a frequency of 0.25 to 2.5 Hz. Data are collected at 30 Hz and then 
digitized by a 12-bit analog/digital converter (55). The GTlM is based on newer 
technology and uses a nano-mechanical seismic mass inside an integrated chip with 
sensors on top and bottom. As the acceleration changes, the voltage output changes 
proportionally (Personal Communication, John G. Schneider, May 20, 2007). To further 
examine the possibility of differences in the output of the ActiGraph 7164 and GTlM 
models, supplementary analyses were conducted. Five participants wearing both the 
GTlM and 7164 repeated the basketball bout for 8 minutes. On average the GTlM 
measured 5779 ± 896 counts·min· 1 and the 7164 measured 6183 ± 1146 counts·min· 1 • A 
paired t-test was run and it was found that there was no statistically significant difference 
in the counts·min· 1 between the two models (P = 0.477). 
Second, the Cosmed K4b2 may have incorrectly measured oxygen consumption in 
one of the two studies. However, during both studies the V02 values from the Cosmed 
K4b2 were verified by having subjects complete a bout of activity on a cycle ergometer. 
For both the current study and the study by Crouter et al. (15) there was close agreement 
between the Cosmed K4b2 and ACSM predictions (3). 
A third explanation was that the participants in the current study played basketball 
more vigorously compared to the participants in the developmental study. The Bland-
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Altman plot (Figure 8) clearly indicates that as the intensity of playing basketball 
increased, the magnitude of under-prediction by the Crouter 2-regression model also 
increased. The participants in the developmental study had a mean age of 35 ± 1 1 .4 
years, whereas the participants in the current study have a mean age of 28.2 ± 7.7 years. 
The differences observed between age and the intensity of basketball might partially 
explain the larger under-prediction by the Crouter 2-regression model in the present 
study. In the developmental study the average measured MET value during basketball 
was 7.33 ± 0.52 METs and on average they had 5570 counts·min- 1 ( 1 5). In the present 
study the average measured MET value during basketball was 9 .9 ± 1 .9 ME Ts and on 
average they had 5373 counts·min-1 . This indicated that although the average counts·min-
1 were similar between the studies, the participants in the present study had a higher 
average measured MET value. Exploring this further, we found that there was poor 
agreement (r2 = 0. 1 5) between measured MET values and the ActiGraph GTlM 
counts·min- 1 during basketball (Figure 14). In addition, when graphing measured METs 
vs. predicted METs (Figure 1 5) there was a clear plateau effect and poor agreement (r2 = 
0. 13) . Although the measured MET values ranged from 5.7 to 1 3 �7 METs, the predicted 
MET values by the Crouter 2-regression model were approximately 8 METs. In other 
words, as the measured MET values increased, there was not a linear increase in 
counts·min- 1 of the ActiGraph GTlM. A similar trend was seen during running. A recent 
study by Fudge et al . showed that the counts·min- 1 of the Computer Science Inc. (CSA), a 
previous model of the ActiGraph GTlM, reached a plateau at running speeds at or above 
10  km·hr- 1 (6 miles·hour- 1) and the counts·min- 1 of the ActiGraph GTIM reached a 
plateau at running speeds of 14- 1 6  km·hr-1 (1 8). Similar results have been found for the 
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CSA accelerometer (9, 15, 25) which showed a linear response to increasing speeds 
during walking, but not running. This was possibly due to a characteristic of ActiGraph 
GTlM, which samples at 30 Hz versus the 7164 which samples at 10 Hz (1). 
Although there was a discrepancy between the measured MET values and 
predicted MET values during basketball, further analyses found that the Crouter 2-
regression model predicted the MET values of basketball better than other commonly 
used single regression equations (i.e., Freedson et al. (17), Hendelman et al. (24'), and 
Swartz et al. (44)) to predict MET values. Each of these equations yielded predicted 
MET values that were significantly different from each other and from the measured 
MET values (P < 0.001), demonstrating that although the Crouter 2-regression model 
significantly under-predicted measured MET values during basketball, it performed better 
than the other equations tested. 
Walking 
This study found that during walking the Crouter 2-regression model predicted 
MET values more accurately during steady state conditions. However, the transitional 
minutes between rest and walking and walking and rest showed significant differences 
between measured and predicted MET values. 
There was a significant difference between predicted and measured MET values 
during the first minute of activity, in the 0-s condition. Upon close examination of Figure 
3, it was observed that the Crouter 2-regression model did not seem to over-predict, 
rather this difference was most likely due to the oxygen deficit, which refers to the lag in 
oxygen uptake at the beginning of exercise ( 42). The predicted value of the first minute 
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is similar to the remaining minutes, which was in line with our hypothesis that the 
Crouter 2-regression model would not over-predict MET values when starting in 
synchronization with time HH:MM:00 on the ActiGraph clock; rather, the measured 
value had not yet risen up to attain the steady state oxygen requirement (i.e. the 
participants were in a state of oxygen deficit). This is a limitation of using indirect 
calorimetry to measure bouts of activity since it cannot measure the anaerobic 
contribution to EE during activity bouts, it only measures the oxygen cost of the activity 
For the 20-s and 40-s conditions, the Crouter 2-regression model predicted MET 
values significantly different from the measured MET values during the first and last 
transitional minutes. Considering that the average walking speed in the developmental 
study was 81 m·min-1 versus 79.9 m·min- 1 in the present study, this was not believed to 
influence the observed differences. Rather, this over-prediction resulted from two 
factors. First, the coefficient of variation (CV) was higher during the transitional 
minutes, because these minutes included some "O" counts in the beginning and end of the 
walking bouts, which increased the CV in those minutes. When using the Crouter 2-
regression model, high variability in counts causes the model to use the lifestyle equation 
rather than the walking equation, which leads to an over-prediction of MET values during 
both transitional minutes. Second, the large difference during the first transitional minute 
was partly due to the oxygen deficit. The last transitional minute also showed significant 
differences between measured and predicted MET values partly due to the elevated post­
exercise oxygen consumption ( 42). This is due to the fact that accelerometers produce 
square-wave patterns (i.e. when activity stops, you get "O" counts) whereas 
measurements of V02 have a time lag associated with them due to the physiological 
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responses of the human body. The combined effect of these two factors was especially 
evident in the 20-s condition during the first transitional minute, in which there was 20 
seconds of inactivity and 40 seconds of activity, (mean difference between measured and 
predicted METs = 3.3 ± 0.6 METs) and in the 40-s condition during the last transitional 
minute, in which there was 40 seconds of activity and 20 seconds of inactivity (mean 
difference = 1.9 ± 0.9 METs). In these instances, the predicted MET values exceeded not 
only the measured MET values during that minute, but also the steady state MET value 
for the bout. 
Due to the previous findings of consistent over-predictions in the first and last 
transitional minutes during walking, further analyses were conducted excluding both the 
transitional minutes. Bland-Altman plots revealed that when the transitional minutes of 
walking were excluded (Figure 13 ), there was no significant difference between 
measured and predicted EE (P = 0.480). Therefore, refining the Crouter 2-regression 
model to reduce these over-predictions m the transitional minutes, it would more 
accurately predict the energy cost of walking. 
When comparing the measured MET values of walking with the predicted values 
of the Crouter 2-regression model, Freedson et al. equation (17), Hendelman et al. 
equation (24), and Swartz et al. equation (44), the Freedson equation provided the closest 
prediction to measured MET values, which was not surprising as it was developed on 
walking and jogging only (17). The Crouter 2-regression model significantly over­
predicted the MET values of walking on average by 0.4 METs; however, this was when 
the transitional minutes were included. When the analyses were re-run, excluding the 
transitional minutes, both the Crouter 2-regression model and Freedson et al. ( 17) 
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equation predicted MET values that were similar to the measured MET values. This 
again demonstrated the strength of the Crouter 2-regression model for predicting MET 
values during walking bouts if a refinement can be made to reduce the over-predictions 
during the transitional minutes. 
The present study has both strengths and limitations. One strength was that this 
study was the first to attempt to cross-validate the Crouter 2-regression model for use in 
walking and an intermittent lifestyle activity. In addition, by examining the time course 
of changes in measured and predicted MET values, we were able to investigate the 
activity-to-rest transitions. Limitations of this study were that it included only two 
activities (basketball and walking) and had a limited number of participants. Another 
limitation includes the use of indirect calorimetry since it only provides the oxygen cost 
of the activity and does not give a true measure of the energy cost unless the individual is 
in a steady state condition. Future research is needed, especially in the area of cross­
validation, to further refine the Crouter 2-regression model. 
In conclusion, the Crouter 2-regression model significantly under-predicted MET 
values during basketball and over-predicted MET values during walking. However, the 
Crouter 2-regression model provided a closer estimate measured MET values than 
several of the other commonly used ActiGraph equations. The over-prediction of MET 
values in the first and last minutes of the walking bouts for the 20-s and 40-s condition 
was due to the high CV during the transitional minutes. These results suggest that 
refinements of the Crouter 2-regression are needed to more accurately predict MET 
values during the transitional minutes. 
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Table 1. Counts·minute- 1 "cut points" from various investigators using the CSA 
accelerometer. 
Light Moderate Hard Vigorous 
Investigator N Activities (< 3 (3 - 5.99 (6 - 8.99 (> 8 .99 
METs) METs) METs) METs) 
Freedson et al. 50 TM < 1 ,952 1 ,952 5,725 > 9498 ( 1 7) walk/run 
Hendelman et 25 OG walk < 2, 1 9 1 .2 2, 1 9 1 .2 6,893 .4 1 1 ,595.6 al. (24) 
Hendelman et 25 OG walk/ < 190.7 190.7 7,525.7 14,860.6 al . (24) lifestyle 
Leenders et al. 28 TM walk < 1 ,267 1 ,267 6,252 1 1 ,250 (27) 
Swartz et al. 70 OG walk/ < 574 574 4,945 93 17  (44) lifestyle 
68 
Table 2. Various prediction equations relating counts·min· 1 to MET values for the 
ActiGraph/CSA accelerometer. 
MET Predictions N Equation Activities r2 
Freedson et al. 50 1 .439008 + (0.000795 x counts·min- 1) TM walk/run 0.82 
(17) 
Hendelman et al. 25 1 .602 + (0.000638 x counts·min-1) OG walk 0.59 
(24) 
Hendelman et al. 25 2 .922 + (0.000409 x counts·min- 1) OG walk/ 0.35 
(24) lifestyle 
Swartz et al. ( 44) 70 2 .606 + (0.0006863 x counts·min- 1 ) OG walk/ 0.32 
lifestyle 
Leenders et al. 28 2 .240 + (0.0006 x counts·min- 1) TM walk 0.74 
(27) 
Yngve et al. (56) 28 0.75 1 + (0.0008 1 98 x counts·min-1) TM walk/run 0.86 
Yngve et al. (56) 28 1 . 136 + (0.0008249 x counts·min-1) OG walk/run 0.85 
Heil et al. (23) 58 (0.00 17 1  x counts·min-1) + ( 1 .957 x HT) - OG walk/run 0.84 
(0.00063 1 x counts·min"1 x HT) - 1 .883 
Heil et al. (23) 58 1 .55 1 + (0.0006 19  x counts·min-1) OG walk/run 0.82 
Brooks et al. ( 1 1 ) 72 2.32 + (0.000389 x counts·min-1) OG walk 0.5 1 
Brooks et al. ( 1 1 ) 72 3 .33 + (0.000370 x counts·min-1) - (0.0 12  x OG walk 0.6 1 
body mass) 
SEE 
1 . 12 
0.87 
0.96 
1 . 1 6  
0.53 
1 . 10 





N = sample size, Activities = activities completed that were used to develop the regression equations, SEE 
= Standard Error of Estimate, TM = Treadmill, OG = Overground, HT = Height ( cm) 
* Adapted from Crouter et al. ( 15) 
69 
Table 3. Physical characteristics of the participants. 
Men Women All participants 
Variable 
(n = 14) (n = 16) (n = 30) 
Age, yr 28.3 ± 7.6 28.2 ± 8.0 28.2 ± 7.7 
Height (cm) 181.9 ± 8.3 167.7 ± 7.8 174.3 ± 10.7 
Body mass (kg) 84.4 ± 12.5 66.9 ± 10.0 75.1 ± 14.2 
BMI (kg·m-1) 25.5 ± 3.3 23.9± 3.9 24.6 ± 3.6 
Caucasian (%) 57 81 70 
African American (%) 21 13 17 
Hispanic (%) 7 6 7 
Other (%) 14 0 7 
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Table 4. One-sample t-test comparing measured (Cosmed K4b2) and predicted (Crouter 
2-regression model) MET values for basketball :  0-s condition. 
95% Confidence Interval 
of the Difference 
Mean 
t df Sis. !2-tailedl Difference Lower ul?l?er 
Trans 1 BB 8.682 9 < 0.001  3 . 1 589 1 2.3358 3 .9820 
Min 1 BB -2.371 9 .042 - 1 .22334 -2.3905 -.0562 
Min 2 BB -4. 1 34 9 .003 - 1 .78682 -2.7647 -.8090 
Min 3 BB -4.277 9 .002 -2. 1 8300 -3.3375 - 1 .0285 
Min 4 BB -4.082 9 .003 -2.25344 -3 .502 1 -1 .0047 
Min 5 BB -4.938 9 .001 -2. 1 8290 -3 . 1 828 - 1 . 1 830 
Min 6 BB -5.597 9 < 0.00 1 -2. 1 880 1 -3.0723 - 1 .3037 
Min 7 BB -4.597 9 .001 -2.7 1 333 -4.0486 - 1 .3781 
Trans 2 BB - 14.407 9 < 0.001 -4.67465 -5.4087 -3 .9406 
Trans = Transitional Minute, BB = Basketball 
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Table 5. One sample t-test comparing measured (Cosmed K4b2) and predicted (Crouter 
2-regression model) MET values for basketball: 20-s condition. 
95% Confidence Interval 
of the Difference 
Mean 
df Si�. !2-tailedl Difference Lower U££er 
Trans I BB 20.440 9 < 0.001  4.078 13  3.6268 4.5295 
Min 1 BB -.569 9 .583 -.4 1 120 -2.0457 1 .2233 
Min 2 BB -2.457 9 .036 - 1 .57 135 -3 .0178 -. 1249 
Min 3 BB -3 .250 9 .010 -2. 17630 -3.69 1 1 -.66 15  
Min 4 BB -2.739 9 .023 - 1 .9957 1 -3 .6439 -.3475 
Min 5 BB -2.796 9 .02 1 -2.40789 -4.3559 -.4599 
Min 6 BB -2.865 9 .019 -1 .92077 -3.4372 -.4043 
Min 7 BB -2.928 9 .017 -2.0144 1  -3.5708 -.458 1 
Trans 2 BB -6.025 9 < 0.001 -3.4243 1 -4.7101 -2. 1386 
Trans = Transitional Minute, BB = Basketball 
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Table 6. One sample t-test comparing measured (Cosmed K4b2) and predicted (Crouter 
2-regression model) MET values for basketball: 40-s condition. 
95% Confidence Interval 
of the Difference 
Mean 
df Si!. �2-tailed2 Difference Lower u22er 
Trans 1 BB 4.604 9 .001 3.01 665 1 .5344 4.4989 
Min 1 BB 1 .487 9 . 1 7 1  . 7 1 8 12  -.3747 1 . 8 1 09 
Min 2 BB -2.957 9 .016 - 1 .7480 1 -3.0855 -.4 105 
Min 3 BB -3. 1 52 9 .012  - 1 .85322 -3 . 1 834 -.5230 
Min 4 BB -3.385 9 .008 -2. 1 8626 -3.6472 -.7253 
Min 5 BB -3. 877 9 .004 -2.55082 -4.0392 - 1 .0624 
Min 6 BB -3.3 14 9 .009 - 1 .98410  -3 .3383 -.6299 
Min 7 BB -3.558 9 .006 - 1 .9841 1 -3.2456 -.7226 
Trans 2 BB -2.807 9 .020 -2.00859 -3 .6275 -.3897 
Trans = Transitional Minute, BB = Basketball 
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Table 7. One sample t-test comparing measured (Cosmed K4b2) and predicted (Crouter 
2-regression model) MET values for walking: 0-s condition. 
95% Confidence Interval 
of the Difference 
Mean 
df Si!· !2-tailedl Difference Lower ul?Eer 
Trans 1 Walk 3 .9 1 8  9 .004 1 . 1 8736 .50 1 8  1 .8730 
Min 1 Walk -.507 9 .624 -. 1 1 168 -.6096 .3 863 
Min 2 Walk .697 9 .503 .32063 -.7202 1 .36 1 5  
Min 3 Walk -.869 9 .407 -.20130 -.7252 .3226 
Min 4 Walk -.7 12 9 .494 -.222 1 1  -.9276 .4834 
Min 5 Walk - 1 .07 1 9 .3 12 -.29938 -.93 16  .3328 
Min 6 Walk .077 9 .940 .03341 -.9462 1 .0 130 
Min 7 Walk .424 9 .68 1 .20339 -.88 1 1  1 .2879 
Trans 2 Walk -.8 17  9 .435 -.27539 - 1 .038 1  .4873 
Trans = Transitional Minute 
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Table 8. One sample t-test comparing measured (Cosmed K4b2) and predicted (Crouter 
2-regression model) MET values for walking: 20-s condition. 
95% Confidence Interval 
of the Difference 
Mean 
df Sia. �2-tailedl Difference Lower UJ:?l?er 
Trans 1 Walk 1 6.427 9 < 0.00 1  3 .297 1 1 2.843 1 3 .75 1 2  
Min 1 Walk 1 .482 9 . 1 72 .76465 -.4023 1 .93 16  
Min 2 Walk 1 .682 9 . 1 27 .45763 -. 1 577 1 .0730 
Min 3 Walk .647 9 .534 . 1 3766 -.3439 .6192 
Min 4 Walk 1 .562 9 . 1 53 .70449 -.3 1 56 1 .7246 
Min 5 Walk .41 1 9 .69 1 .08936 -.4026 .58 1 3  
Min 6 Walk .8 14 9 .437 . 1 7529 -.3 120 .6625 
Min 7 Walk 1 . 1 5 1  9 .279 .428 1 7  -.4 1 32 1 .2695 
Trans 2 Walk 5.8 1 7  9 < 0.00 1  1 . 17729 .7 195 1 .635 1  
Trans = Transitional Minute. 
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Table 9. One sample t-test comparing measured (Cosmed K4b2) and predicted (Crouter 
2-regression model) MET values for walking: 40-s condition. 
95% Confidence Interval 
of the Difference 
Mean 
df Si�. �2-tailedl Difference Lower ul?Eer 
Trans 1 Walk 8.9 1 8  9 < 0.00 1 2. 17 108 1 .6203 2.72 1 8  
Min 1 Walk 2 . 130 9 .062 .779 12 -.0485 1 .6067 
Min 2 Walk -2.046 9 .07 1 -.27002 -.5686 .0285 
Min 3 Walk -.590 9 .570 -. 12859 -.6220 .3648 
Min 4 Walk - 1 .087 9 .305 -. 16673 -.5 1 38  . 1 803 
Min 5 Walk - 1 .980 9 .079 -.29558 -.6332 .042 1 
Min 6 Walk - 1 .266 9 .237 -. 16552 -.46 14 . 1 303 
Min 7 Walk - 1 .072 9 .3 12 -. 1 392 1 -.433 1 . 1 546 
Trans 2 Walk 6.554 9 < 0.00 1 1 .903 19  1 .2463 2.5601 




Figure 1. ActiGraph GTlM accelerometer 
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Figure 2. Participant wearing the ActiGraph GTIM (on right hip) and Cosmed K4b2 • 
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12 �--- -----------------
Basketball � Predicted 
1 0 -+---- - - ---1---.::w---------� - Measured 
� 6 ---- - -lt-----------+------ -----­
Walking 
0 4 8 12 1 6 20 24 28 32 36  40 44 48 52 
Time (min) 
Figure 3. Mean measured (Cosmed K4b2) and predicted (Crouter 2-regression model) 
MET values for each minute of the 0-s condition. Activity labels indicate time spent 
playing one-on-one basketball and walking at a self-selected pace. 
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Basketball -e- Predicted 
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M�e�as�u�r�e�d1_ 
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0 4 8 12 1 6 20 24 28 32 36 40 44 48 52 
Time (min) 
Figure 4. Mean measured (Cosmed K4b
2) and predicted (Crouter 2-regression model) 
MET values for each minute of the 20-s condition. Activity labels indicate time spent 
playing one-on-one basketball and walking at a self-selected pace . 
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0 4 8 12  1 6  20 24 28 32 36 40 44 48 52 
Time (min) 
Figure 5. Mean measured (Cosmed K4b2) and predicted (Crouter 2-regression model) 
MET values for each minute of the 40-s condition. Activity labels indicate time spent 
playing one-on-one basketball and walking at a self-selected pace. 
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Mean Error vs. Time (Basketball) 
Condition 
4.0 � -o 
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1 2 3 4 5 6 7 8 9 
Time (min) 
Figure 6. Mean error (predicted MET values using the Crouter 2-regression model minus 
measured MET values from the Cosmed K4b2) during basketball for each condition (0-s, 
20-s, and 40-s ). 
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Figure 7. Measured total energy cost (Cosmed K4b2) vs. predicted total energy cost 
(Crouter 2-regression model) during basketball for all conditions combined. * Denotes 
statistical significance (P < 0.001). 
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Figure 8. Bland-Altman plot depicting mean error between measured (Cosmed K4b2) 
and predicted (Crouter 2-regression model) MET values during basketball. Solid line 
represents the mean difference and the dotted lines represent the 95% prediction 
intervals. 
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Figure 9. Measured (Cosmed K4b2) MET values for each minute during basketball and 
walking vs. predicted MET values according to the Crouter 2-regression model (15), 
Freedson et al. equation (17), Hendelman et al. equation (24), and Swartz et al. equation 
(44). 
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Figure 10. Mean error (predicted MET values using the Crouter 2-regression model 
minus measured MET values using the Cosmed K4b2) during walking for each condition 
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Figure 11. Measured total energy cost (Cosmed K4b2) vs. predicted total energy cost 
(Crouter 2-regression model) during walking for each condition (including transitional 
minutes) and for all conditions combined ( excluding the transitional minutes). * Denotes 
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Figure 12. Bland-Altman plot depicting mean error between measured (Cosmed K4b2) 
and predicted (Crouter 2-regression model) MET values during walking including the 
transitional minutes. Solid line represents the mean difference and the dotted lines 
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Figure 13. Bland-Altman plot depicting mean error between measured (Cosmed K4b2) 
and predicted (Crouter 2-regression model) MET values during walking excluding the 
transitional minutes. Solid line represents the mean difference and the dotted lines 
represent the 95% prediction intervals. 
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Figure 14. Measured (Cosmed K4b2) MET values vs. ActiGraph counts ·min- 1 for all 
conditions (0-s, 20-s, 40s). 
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INFORMED CONSENT FORM 
Physical Activity Assessment Using Variability in Accelerometer Counts 
Researchers: 
Purpose 
David R. Bassett, Jr. 
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Telephone: 865-974-8766 
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The purpose of this study is to develop a new method of analyzing human movement 
data, using a small device worn at the waist that measures vertical acceleration (an 
accelerometer). 
Procedures 
The testing will take place at one of three locations: the University of Tennessee (UT) in 
Knoxville, in a community setting such as your work place or home, or outside the UT 
Applied Physiology Lab. 
Testing Protocol 
We have already asked you to fill out a health history questionnaire, and determined that 
you are eligible for the study. If you choose to participate, we will record your age, 
height, weight, and gender. You will then be asked to wear an accelerometer and a 
portable metabolic system ( described below). 
While wearing these devices, you will be asked to complete one of the following 
protocols (the one that is checked) : 
_ Perform two bouts of predetermined activities in random order (Either playing 
basketball, tennis, or raking leaves and walking at a moderate pace). Before the activity, 
you will sit for 1 5  minutes. You will then perform activity 1 fro 8 minutes, followed by 8 
minutes of seated rest; then you will perform activity 2 followed by 8 minutes of seated 
rest. The total time commitment is 1 hour and 45 minutes. 
_ Perform six tasks from the following list: 
slow track walking, brisk track walking, slow track running, brisk track running, singles 
tennis, golf (pulling clubs), golf (carrying clubs), doing laundry, ironing, light cleaning, 
using a string trimmer, gardening, moving dirt with wheel barrow, loading/unloading 1 5  
lb boxes, walking 800 meter course with a 1 5  lb computer bag. Each task will last 1 0  
minutes and you will have 3 minutes rest between tasks. The total time commitment i s  3 
hours. 
Accelerometer 
You will be asked to wear a small, electronic device called an accelerometer. It is about 
the size of a pager and is worn on your belt or waistband. The device responds to up­
and-down movements and it stores this information, which will later be transferred to a 
computer. The activity meter enables us to predict the intensity of physical activity 
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bouts, and classify them as light, moderate, or strenuous. It must be returned at the end 
of the study. 
Portable Metabolic System 
You will also be asked to wear a portable device called a Cosmed K4b2 metabolic 
measurement system. This is a little bit larger than a Walkman cassette player and it is 
worn on a harness strapped to your torso. It is attached to a facemask that you will wear 
over your mouth and nose. You can breathe normally, and even talk, when the facemask 
is in place. 
Risks and Benefits 
The risks of being in this study include injury to muscles and/or joints, dizziness, 
headache, abnormal heart rhythms, abnormal blood pressure responses, and in very rare 
instances heart attack and/ or sudden death. However, we will try to minimize these risks 
by using a health history questionnaire, and by selecting participants who are accustomed 
to regular, vigorous physical activity to perform the vigorous bouts in Part 2 (structured 
IO-minute bouts). The benefits to being in the study include the receipt of a report 
showing your test results, and payment ($30 for part 1 ,  or $80 for part 2). 
Confidentiality 
The information from these tests will be treated as private and will not be shown to any 
person without your consent. The numbers may be used in research reports but your 
name or other identity will not be used. 
Contact Information 
If you have questions at any time concerning the study or the procedures, ( or you 
experience adverse effects as a result of participating in this study,) you may contact 
David Bassett at (865) 974-8766. If you have questions about your rights as a 
participant, contact the Research Compliance Services of the University of Tennessee 
Office of Research at (865) 974-3466. 
Right to Ask Questions and to Withdraw 
You are free to decide whether or not to be in this study and you may withdraw from the 
study at any time without penalty or loss of benefits. Before you sign this form, please 
ask questions about anything that is unclear to you. 
Consent 
By signing this paper, I am indicating that I understand and agree to take part in this 
study. 
Your signature Date 








City: _______________ ZipCode: _____ _ 
Phone: __________ Date of Birth: _____ Age: __ _ 
Gender: M F 
Occupation: _________________ _ 
Marital Status: (circle one) Single Married Divorced Widowed 
Education: (check highest level completed) 
Elementary __ High School __ College __ Graduate School __ _ 
Race: White American Indian Asian --- --- Hispanic __ _ 
Black / African American Native Hawaiian / Pacific Islander ---- ----
Personal Physician : ___________ Location : _____ _ 
Are you taking any prescription or over-the counter medication? 
YES __ _ NO ___ _ 
Name of Medication Reason for Taking For How Long? 




Relationship: ----- Phone: Work: ----------
Home: -------------
PAST HISTORY 
Have you ever had? (please check all that apply) 
Stroke 
__ Any heart problems 
Arthritis 
__ Recurring leg pain (not related to arthritis) 
__ Liver or Kidney Disease 
__ Any breathing or lung problems 
__ Ankle swelling (not related to twisting) 





Have you ever had? (please check all that apply) 
__ Chest pain / discomfort 
Shortness of breath 
__ Heart palpitations 
__ Skipped heart beats 
Heart Attack 
Diabetes 
__ Cough on exertion 
__ Coughing of blood 
__ Dizzy spells 
__ Frequent headaches 
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